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ABSTRACT 
 
Development of an Unmanned Aerial Vehicle High Throughput Phenotyping Platform to 
Improve Soybean Breeding Efficiency 
Advances in phenotyping technology are critical to ensure the genetic improvement of crops 
meet future global demands for food and fuel. Field-based phenotyping platforms are being 
evaluated for their ability to deliver the necessary throughput for large scale experiments and to 
provide an accurate depiction of trait performance in real-world environments. We developed a 
dual-camera high throughput phenotyping (HTP) platform on an unmanned aerial vehicle (UAV) 
and collected time course multispectral images for large scale soybean [Glycine max (L.) Merr.] 
breeding trials. We used a supervised machine learning model (Random Forest) to measure crop 
geometric features and obtained high correlations with final yield in breeding populations (r = 
0.82). The traditional yield estimation model was significantly improved by incorporating plot 
row length as covariate (p<0.01). We developed a binary prediction model from time-course 
multispectral HTP image data and achieved over 93% accuracy in classifying soybean maturity. 
This prediction model was validated in an independent breeding trial with a different plot type. 
These results show that multispectral data collected from the UAV-based HTP platform could 
improve yield estimation accuracy and maturity recording efficiency in a modern soybean 
breeding program. 
Impact of Rhg1 Copy Number and Interaction with Rhg4 on Resistance to              
Heterodera glycines in Soybean 
Rhg1 and Rhg4 are important loci conferring resistance to soybean cyst nematode (SCN; 
Heterodera glycines). Alleles at Rhg1 have been shown to vary for copy number and type and 
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the importance of this variation in conferring resistance is not well defined. The repeat number 
ranges from one to 10 and there are three variant repeat sequence types [PI 88788-‘Fayette’ type 
(F), ‘Peking’ type (P) and Williams 82 type (W)] across diverse soybean germplasm. We 
developed populations segregating for Rhg1 copy number and type and Rhg4 allele type to 
investigate the effect of these factors and their interaction on SCN resistance. F2 plants from each 
cross were evaluated for the segregation of Rhg1 and Rhg4 alleles and for SCN reproduction 
after infesting plants with HG type 2.5.7 and HG type 7 populations. Within repeat types, an 
increase in repeat number was associated with greater resistance. The P type Rhg1 showed an 
advantage over F+W type for SCN population HG type 2.5.7 but this was not observed for SCN 
HG type 7. While plants with P type Rhg1 required Rhg4 to achieve full resistance, Rhg4 did not 
increase resistance in the background of F+W type Rhg1 repeat. This study demonstrates the 
importance of both Rhg1 copy number and type in determining resistance and can assist soybean 
breeders in determining what alleles would best fit their breeding goals. 
Fine Mapping of the SCN Resistance QTL cqSCN-006 and cqSCN-007 from                  
Glycine soja PI 468916 
The majority of soybean cyst nematode (Heterodera glycines Ichinohe, SCN) resistant cultivars 
available to growers in the northern USA have resistance originating from PI 88788, which is 
being overcome by shifting SCN populations. The novel resistance quantitative trait loci (QTL) 
cqSCN-006 and cqSCN-007 were mapped from Glycine soja Sieb. and Zucc. plant introduction 
(PI) 468916. The objective of this study was to further narrow down these QTL intervals to 
improve the effectiveness of marker-assisted selection (MAS) for resistance and to provide 
resources for cloning these genes. The fine mapping was initiated by screening recombinant 
plants using simple sequence repeat (SSR) and single nucleotide polymorphism (SNP) markers 
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that flank these QTL. Selected recombinant plants were tested with additional genetic markers 
saturating the QTL intervals and progeny from the recombinant plants were then tested for 
resistance in a SCN bioassay. These efforts resulted in the fine mapping of cqSCN-006 into a 
212.1 kb interval and cqSCN-007 to a 103.2 kb interval on the Williams 82 reference genome 
(Glyma.Wm82.a2), which reduced the interval size compared to previous fine mapping by 62% 
and 30%. One gene located in the cqSCN-006 region was predicted to encode a γ-soluble N-
ethylmaleimide–sensitive factor attachment protein (γ-SNAP), which is involved in the same 
process as α-SNAP, one of the required components in Rhg1 SCN resistance. The identified SSR 
and SNP markers close to these novel SCN resistance QTL and the candidate gene information 
presented in this study will be significant resources for MAS and gene cloning research. 
Fine mapping of the Asian soybean rust resistance gene Rpp2 from soybean PI 230970 
Asian soybean rust (ASR), caused by the fungus Phakopsora pachyrhizi Syd. & P. Syd, is a 
serious disease in major soybean [Glycine max (L.) Merr.] production countries worldwide and 
causes yield losses up to 75%. Defining the exact chromosomal position of ASR resistance genes 
is critical for improving the effectiveness of marker-assisted selection (MAS) for resistance and 
for cloning these genes. The objective of this study was to fine map the ASR resistance gene 
Rpp2 from the plant introduction (PI) 230970. Rpp2 was previously mapped within a 12.9-cM 
interval on soybean chromosome 16. The fine mapping was initiated by identifying 
recombination events in F2 and F3 plants using simple sequence repeat (SSR) and single 
nucleotide polymorphism (SNP) markers that flank the gene. Seventeen recombinant plants were 
identified and then tested with additional genetic markers saturating the gene region to localize 
the positions of each recombination. The progeny of these selected plants were tested for 
resistance to ASR and with SSR markers resulting in the mapping of Rpp2 to a 188.1 kb interval 
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on the Williams 82 reference genome (Glyma.Wm82.a2). Twelve genes including ten 
toll/interleukin-1 receptor (TIR) nucleotide-binding site (NBS) leucine-rich repeat (LRR) genes 
were predicted to exist in this interval on the Glyma.Wm82.a2.v1 gene model map. Eight of 
these ten genes were homologous to the Arabidopsis TIR-NBS-LRR gene AT5G17680.1. The 
identified SSR and SNP markers close to Rpp2 and the candidate gene information presented in 
this study will be significant resources for MAS and gene cloning research. 
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Chapter 1 Literature Review 
 
Introduction 
One of the greatest challenges of the 21st century will be to expand crop production to 
meet increasing demands for food, clothing, and fuel brought on by both the growing human 
population and its increasing affluence. Soybean [Glycine max (L.) Merr.] is one of the most 
important food crops of the world, representing 68% of protein meal consumption and 59% of 
oilseed production globally (www.soystats.com). A steady increase of soybean production is 
critical to ensure global food and energy security. This needs to be accomplished in the face of 
environmental constraints and climate change, which are predicted to lead to less favorable 
environmental conditions for crop production (Lobell and Gourdji 2012). The most 
environmentally friendly way to meet these demands is through developing and providing highly 
productive and disease resistant cultivars for farmers (Tester and Langridge 2010). 
The global average of yield increase rates for soybean is 1.3% per year, which is much 
less than the rate of gain needed to meet the goal of doubling crop production by 2050 (Ray et al., 
2013). Current soybean yield improvement is limited by a variety of factors, include breeding 
efficiency and disease threats. Constraints in field phenotyping capacity remain the bottleneck to 
conduct large scale breeding trials and to dissect the genetics of quantitative traits, particularly 
those related to yield and stress tolerance (Luis Araus and Cairns 2014). Disease and pest 
resistance genes are also major components of breeding programs (Asins 2002). In this 
dissertation, research work on development of a high throughput phenotyping platform and 
progress on the genetic analysis of soybean cyst nematode (SCN) and Asian soybean rust (ASR) 
resistance will be described. 
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Development of a High Throughput Phenotyping Platform 
Crop improvement occurs by identifying the best genetic variants from large numbers of 
diverse germplasm accessions. The biotech revolution is impacting the power and efficiency of 
the improvement process by increasing the capabilities of researchers to directly analyze the 
DNA of crop plants. Recent advances in single nucleotide polymorphisms (SNP) and next 
generation sequencing (NGS) provide ways to rapidly analyze large populations of plants with 
abundant genetic markers and we are on the brink of being able to fully sequence the genome of 
tens of thousands of plants in breeding programs (Thomson 2014).  However, genetic analysis 
has its greatest value when it can be associated with plant phenotypes. This association gives 
plant breeders the ability to identify the location of genes that impact economically important 
traits, and this information can be used to guide cultivar development through marker-assisted 
selection (MAS). Under genomic selection (GS) models, precisely measured phenotypic 
information is the key to develop successful training models that predict the phenotypic 
performance of related members in breeding populations. While our ability to analyze DNA is 
increasing at an exponential rate, the capacity to phenotype plants in a field setting has not 
improved nearly as rapidly. Modern breeders still take individual visual ratings and 
measurements of plants to estimate yield and other traits in much the same way they did decades 
ago. Both individual bias and subjective criteria create imprecision in phenotypic data collection. 
Moreover, the genetic basis of dynamic traits such as biomass accumulation and the response to 
environmental stress are difficult to unravel by static phenotyping (Montes et al. 2007). 
Advances in phenotyping technology are critical to ensure the genetic improvement of crops to 
meet future demand. 
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Remote sensing is a non-destructive approach to collect electromagnetic spectrum 
information by means of passive or active sensors. Conventional remote sensing applications are 
based on satellite and manned aircraft to acquire visible (VIS) and near-infrared (NIR) radiation 
reflected and far-infrared radiation emitted by the crop to estimate the yield potential and 
environmental stress for large land areas (Atzberger 2013). The reflectances of vegetation in 
multiple spectral regions are used to derive different indices to quantify crop characteristics 
(Table 1.1). Numerous studies have shown that the vegetation indices are good estimators of 
crop biomass, canopy coverage, leaf area index (LAI), chlorophyll content and plant senescence 
(Daughtry et al. 2000, Gitelson et al. 2003, Hatfield and Prueger 2010, Merzlyak et al. 1999, 
Penuelas et al. 1994). Light Detection and Ranging (LIDAR) systems, which determine the 
distance towards the objects by calculating the time required for the actively emitted laser to be 
reflected from the target, have been successfully developed in forestry to estimate tree height, 
canopy volume and biomass (Lim et al. 2003). However, the application of conventional remote 
sensing in plant phenotyping for breeding purposes is limited by the expensive targeted data 
acquisition and coarse spatial resolution (Wang et al. 2010). The ideal phenotyping system for 
breeding programs requires the high throughput evaluation of resource capturing capability, 
utilization efficiency, and growth and development on a plot level during the course of the crop 
cycle. Remote sensing phenotyping could be applied in a wide range of breeding objectives, such 
as yield potential, adaptation to abiotic and biotic stress, and quality traits (Luis Araus and Cairns 
2014). Under different environmental conditions, the hyperspectral reflectances of 300 maize 
testcrosses were measured using a handheld spectrometer and the partial least square regression 
(PLSR) models derived from the reflectance data explained up to 40% of the variation in grain 
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yield with a relative efficiency of selection for yield of 0.88 and 0.68 using leaf and canopy 
reflectances, respectively (Weber et al. 2012).  
High throughput phenotyping (HTP) was first implemented in controlled greenhouses 
and growth chambers by using automated remote sensing systems to assess plant growth and 
performance (Luis Araus and Cairns 2014). However, the environmental factors and 
heterogeneous conditions in the field are hardly mirrored in the controlled facilities. Field-based 
phenotyping platforms are being increasingly considered to deliver the necessary throughput for 
large scale experiments and to provide an accurate depiction of trait performance in real-world 
environments (White et al. 2012). To achieve efficiency for a larger experiment, field HTP 
platforms are being developed using ground-based and aerial systems. Ground-based platforms 
have been established on modified agricultural vehicles equipped with high-accuracy global 
positioning systems and various sensors, such as an agricultural harvester installed with NIR 
spectroscopy instruments and a high-clearance tractor carrying sensors that measure plant height, 
canopy temperature and spectral reflectance (Andrade-Sanchez et al. 2014, Montes et al. 2007). 
Aerial platforms are recognized as a promising solution to provide simultaneous measurements 
over a large area, which is considered as a major limitation for ground based platforms. 
Unmanned Aerial Vehicles (UAVs) have progressed recently as new aerial platforms in remote 
sensing (Zhang and Kovacs 2012). In particular, UAVs can operate at a low altitude to provide 
images with ultra-high spatial resolution up to 1 cm per pixel, which is sufficient for measuring 
individual field plots (Turner et al. 2012). In addition, the system can be deployed on demand 
with great flexibility to ensure optimal temporal resolution during the crop growing season. 
Finally, the costs and technical skills required to operate these platforms are becoming lower 
over time, which make the UAV-based HTP a promising solution for plant breeding programs. 
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There are different categories of remote sensors available to be carried by UAV based 
HTP platform. Conventional digital cameras are inexpensive and are able to capture visible 
information [red, green and blue (RGB)] of ground objects, which could be used to calculate 
plant coverage and estimate biomass (Meyer and Neto 2008). The combination of near infrared 
(NIR) and two, or all three of the RGB bands obtained by multispectral cameras enables the 
calculation of a series of vegetation indices to estimate crop biomass, yield potential and plant 
stress (Daughtry et al. 2000, Gitelson et al. 2003, Hatfield and Prueger 2010, Merzlyak et al. 
1999, Penuelas et al. 1994). The lightweight ADC camera (Tetracam, Inc., Chatsworth, CA) 
contains a 3.2 megapixel sensor optimized for capture of visible light wavelengths longer than 
520 nm and near-infrared wavelengths up to 920 nm. The vegetation index deducted from 
multispectral images using this camera on an aerial platform was shown to be highly correlated 
to the index derived from ground optical data (Agüera et al. 2011). However, limited resolution 
and narrow dynamic range were major issues for ADC cameras (Huang et al. 2010). Pairing one 
consumer-grade digital camera with a second one converted into a full NIR camera was recently 
proposed to provide both accurate and high quality multispectral information for diverse objects 
(Bryson et al. 2013, Nijland et al. 2014).  
The hyperspectral visible and NIR sensors acquire images covering the entire 
electromagnetic spectrum within the designed range (e.g. from 400 to 1000 nm) in a continuous 
wavelength mode. Applications for hyperspectral sensors include the development of empirical 
models to assess specific photosynthetic characteristics related to radiation use efficiency, grain 
yield potential and estimating fungal disease severity (Muhammed 2005, Serbin et al. 2012, 
Weber et al. 2012). Short-wave infrared and thermal sensors enable the acquisition of infrared 
radiation in the wavelength range from 1.4 to 15 µm. Some potential application of these sensors 
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in crop phenotyping are monitoring abnormal stomatal closure, leaf transpiration, canopy water 
use, and fruit maturity prediction (Costa et al. 2013, Vadivambal and Jayas 2011, Walter et al. 
2012).       
The abundant data acquired from HTP creates the need for robust software and 
algorithms to produce efficient and accurate estimates. The photogrammetric processing includes 
image orientation and camera calibration which are required to develop geometrically corrected 
photos (orthophoto) for the data collected by UAV platforms. In a comparison study of the 
popular available image processing software packages in the market, Agisoft Photoscan (Agisoft 
LLC, Russia) yielded the best results in terms of quality of photogrammetric products (Sona et al. 
2014). Distinguishing between soil and vegetation in early growing stages can be accomplished 
by object-based image analysis, which firstly identifies spectrally homogenous units and groups 
the adjacent pixels for image segmentation (Blaschke 2010). In the face of the huge amount of 
information generated from HTP, data management and sophisticated regression and machine 
learning models are keys to efficiently and correctly mine useful phenotypic information from 
these mathematical transformations of numbers (Cobb et al. 2013, Luis Araus and Cairns 2014, 
White et al. 2012). Sharing the concept of genomic selection, construction of a purely empirical 
training model without a clear physiological meaning has been mentioned to predict traits of 
interest (Cabrera-Bosquet et al. 2012). Phenotypes measured over time were treated as a 
function-valued trait to dissect the time course of QTL effects for plant growth response and 
multiple-QTL models using a penalized likelihood approach have been developed specifically to 
explain the QTL association across time points (Kwak et al. 2014, Moore et al. 2013). Overall, 
integration of remote sensing phenotyping technology, appropriate experimental designs, user-
friendly data management and processing tools, and optimized models to estimate the traits of 
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interest is needed to pave the way for HTP to further unravel the genetic basis of economically 
important traits in crops and improve the efficiency of future breeding programs.   
Soybean Cyst Nematode Resistance 
Soybean cyst nematode (Heterodera glycines Ichinohe) (SCN) is the most economically 
damaging soybean disease in the United States (Koenning and Wrather 2010). This pathogen 
was first documented by S. Hori in Japan in 1915 and reported in United States in 1954 (Hori 
1916, Winstead et al. 1955). The estimated average annual soybean yield loss due to SCN in the 
USA is approximately 3.1 million metric tons from 2009 to 2011 (Bradely and Koenning 2014).  
It has also severely infested the main regions of soybean cultivation in China, the fourth most 
important soybean production country in the world resulting in annual losses as high as $120 
million (Li et al. 2011). Among the top eight soybean production countries in the world, the 
United States and China suffer over 91% of the yield losses caused by SCN (Wrather et al. 2010). 
H. glycines is an obligate endoparastic pathogen and has six life stages in its 
approximately four-week life cycle. The molted SCN J2 juveniles infect susceptible soybean 
plant roots, starting with forming a syncytium at the feeding site, accompanied by a series of 
plant cellular changes. After fertilization, the gravid female becomes the hardened structure 
called a cyst, which contains hundreds of viable eggs ready to be released. As the damage occurs 
by interfering with root function, the above ground symptoms are often not obvious. However, 
significant yield loss can occur in the absence of visible decline in growth, due to stunted roots 
and reduced nodulation (Wang et al. 2003, Young 1996). Established SCN is non-eradicable and 
crop rotation and the use of SCN resistance cultivars is by far the most successful strategy in 
SCN management (Davis and Tylka 2005). In contrast, pesticides, such as nematicides, are 
seldom used to control SCN because of environmental toxicity and the limited economic benefits 
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(Niblack et al. 2006). To better understand virulence diversity in SCN and its impact on the H. 
glycines-soybean interaction, a race determination system was initially proposed for SCN and 
this was improved to the current HG Type test, which involves seven resistance sources that are 
used as indicator lines (Golden et al. 1970, Niblack et al. 2002).  
Quantitative trait loci (QTL) that control SCN resistance have been studied extensively 
during the past decades (Concibido et al. 2004; Guo, Sleper, Lu et al. 2006). The Rhg1 
(Resistance to Heterodera glycines) locus on chromosome (chr) 18 is considered as the most 
important and widely used SCN resistance gene in commercial soybean cultivar development 
(Concibido et al. 2004, Li et al. 2004). This locus (cqSCN-001) was mapped from multiple SCN 
resistance sources including plant introduction (PI) 437654, PI 209332, ‘Peking’, PI 90763, PI 
88788, PI 89772, PI 404198A and PI 437655 (Concibido et al. 1996; Concibido et al. 1997; 
Glover et al. 2004; Guo et al. 2005; Guo, Sleper, Nguyen et al. 2006; Jiao et al. 2015; Webb et al. 
1995; Yue et al. 2001). The second most important QTL is cqSCN-002 (Rhg4), which was 
mapped onto chr 8 from the SCN resistance sources PI 437654 (Webb et al. 1995), Peking 
(Mahalingam and Shorupska 1995, Meksem et al. 2001), PI 209332 (Concibido et al. 1994), PI 
404198A ( Guo, Sleper, Nguyen et al. 2006), and PI 90763 (Guo et al. 2005). Another confirmed 
QTL, cqSCN-003, was mapped onto chr 16 from PI 90763 (Concibido et al. 1997, Guo et al. 
2005), PI 209332 (Concibido et al. 1994, Concibido et al. 1996), and PI 88788 (Glover et al. 
2004). A QTL on chr 11 was mapped from PI 90763 (Guo et al. 2005) and PI 404198A (Guo, 
Sleper, Nguyen et al. 2006). The QTL cqSCN-005 was mapped on chr 17 from the SCN 
resistance cultivar ‘Hartwig’ and confirmed by near-isogenic lines (Kazi et al. 2010). The two 
SCN resistance QTL cqSCN-006 and cqSCN-007 were mapped from G. soja PI 468916 (Wang 
et al. 2001).  
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Brucker et al. (2005) found that Rhg1 alleles from PI 437654 and PI 88788 responded 
differentially to SCN isolates and the allele from PI 88788 was designed rhg1-b while the allele 
from PI 437654 kept the designation rhg1 (Kim et al. 2010). Kim et al. (2010) fine mapped rhg1-
b to a 67 kb region in the genome of the SCN susceptible cultivar ‘Williams 82’ 
(Glyma.Wm82.a1). Further investigations revealed that a 31.2 kb segment in the region 
containing four complete genes was present one, three, or ten times in soybean accessions (Cook 
et al. 2012). The SCN resistant accessions PI 437654 and Peking have three copies of the genes, 
the cultivar ‘Fayette’, which contains resistance from PI 88788, has ten copies, and the 
susceptible cultivar Williams 82 has one copy. Enhanced SCN resistance was associated with 
overexpression of three of the four genes. This and other evidence indicates that Rhg1 mediates 
SCN resistance via copy number variation (CNV) of multiple genes (Cook et al. 2012). Using 
whole genome sequencing and fiber-FISH (fluorescence in situ hybridization), a high copy 
number group, which contains seven to ten copies of the previously identified Rhg1 repeat, and a 
low copy number group, which contains three copies, were identified from 41 diverse soybean 
accessions (Cook et al. 2014). Lee et al. (2015) studied a broad soybean accession pool and 
observed expanded diversity of copy number at Rhg1. In addition, they found three types of 
repeats [Fayette-type (F), Peking-type (P) and William 82-type (W)] based on sequence 
polymorphism within the repeat units.  
Profiling plant CNV, a novel type of genetic diversity, across the whole genome has 
become increasingly common due to advances in next generation sequencing (Anderson et al. 
2014, McHale et al. 2012, Munoz-Amatriain et al. 2013, Swanson-Wagner et al. 2010). 
Approximately one-fourth of the genetic structure variants in the soybean genome were 
identified as fitting a CNV model (Anderson et al. 2014). There is evidence that shows that CNV 
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is responsible for numerous traits of agronomic importance in soybean, maize, rice, wheat and 
barley (Cook et al. 2012, Diaz et al. 2012, Maron et al. 2013, Sutton et al. 2007, Xu et al. 2006). 
Nevertheless, in these studies only the Rhg1 locus was identified as having simultaneous CNV of 
multiple genes instead of the usual single gene duplication.  
The responsible gene at the second major SCN resistance locus Rhg4 was recently found 
to encode a serine hydroxymethyltransferase and two genetic polymorphisms between resistant 
and susceptible Rhg4 alleles led to alteration of a key regulatory property of the enzyme (Liu et 
al. 2012). Functional markers at Rhg4 were developed to assist in MAS for this gene in breeding 
programs and to identify germplasm accessions that carry this resistance allele (Shi et al. 2015). 
Meksem et al. (2001) showed that a strong epistatic interaction occurs between Rhg1 and Rhg4 
from Peking and only through an interaction between these two loci would full resistance occur. 
Interactions between these two loci in the PI 437654 background were also observed by Wu et al. 
(2009). Brucker et al. (2005) studied this interaction in a population segregating for resistance 
from a cross between PI 437654 (resistance alleles Rhg1 and Rhg4) and the cultivar ‘Bell’, which 
has resistance from PI 88788 (rhg1-b and the susceptible allele at rhg4). For the SCN population 
TN14 (HG type 1.2.5.7) they found the Rhg1 allele conferred greater resistance than the rhg1-b 
allele and Rhg4 had no detectable effect on resistance. In tests with the SCN population PA3 
(HG type 0 or HG type 7), significant effects of Rhg1, Rhg4, and the interaction between the two 
genes was detected. This interaction showed that in the Rhg1 background, the Rhg4 resistance 
allele was needed to achieve full resistance while in the rhg1-b background, resistance at Rhg4 
was not needed. 
Although many SCN resistance sources have been identified and resistance QTL mapped, 
the majority of the commercially available SCN resistant varieties in the northern USA have 
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resistance derived from PI 88788 (Tylka and Mullaney 2013). The use of PI 88788 resistance has 
resulted in selection pressure for field SCN populations which can overcome this resistance. For 
example, Niblack (2008) found that 70% of the SCN positive samples from Illinois contained 
nematodes which had adapted to PI 88788 resistance. Developing soybean varieties with 
resistance genes or QTL from different SCN resistance sources is necessary to provide a broad 
solution for efficient SCN management.    
Glycine soja, the wild ancestor of domesticated soybean, has the potential to be a novel 
source of genes for improving soybean traits. SCN resistance QTL from G. soja have been 
mapped by Wang et al. (2001) from PI 468916 and Winter et al. (2007) from PI 464925B. Two 
significant QTL with resistance alleles from PI 468916 were identified: a QTL on chr 15 that 
explained 23% of the variation for SCN resistance and a QTL on chr 18 that explained 27% of 
the variation (Wang et al. 2001). These two QTL were then confirmed and their positions were 
refined to a 13.2-cM interval on chr 15 and a 18.5-cM interval on chr 18 in backcross 
populations (Kabelka et al. 2005). Although reduced yield was reported to be associated with 
SCN resistance QTL cqSCN-001 and cqSCN-003 in fields with low disease pressure (Kopisch-
Obuch et al. 2005), the G. soja SCN resistance QTL cqSCN-006 and cqSCN-007 either had no 
effect or a positive effect on yield in multiple environments with low to high SCN infestations 
(Kabelka et al. 2006). When pyramiding the two G. soja SCN resistance QTL with the resistance 
QTL from PI 88788, the G. soja resistance alleles significantly increased SCN resistance (Kim et 
al. 2011). In short, the SCN resistance QTL cqSCN-006 and cqSCN-007 from PI 468916 are not 
only novel resistance QTL, but also enhance the resistance conferred by the widely used SCN 
resistance allele rhg1-b from PI 88788. Recently, cqSCN-006 was fine mapped to a 803.4 kb 
interval between simple sequence repeat (SSR) markers BARCSOYSSR_15_0886 and 
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BARCSOYSSR_15_0903 on chr 15, and cqSCN-007 was fine mapped to a 146.5 kb interval 
between SSR markers BARCSOYSSR_18_1669 and BARCSOYSSR_18_1675 on chr 18 (Kim 
and Diers 2013). In that study, cqSCN-006 was shown to have completely dominant gene action 
and cqSCN-007 additive gene action. 
Asian Soybean Rust Resistance 
Asian soybean rust (ASR), caused by Phakopsora pachyrhizi, has expanded its range 
leading to worldwide damage to soybean. The first report of ASR was from Japan in 1903 and 
the disease has spread to Africa, South America and North America during the past two decades 
(Levy 2005, Schneider et al. 2005, Yorinori et al. 2005). Yield losses up to 75% due to ASR 
have been reported in South America (Yorinori et al. 2005). 
P. pachyrhizi has a wide host range, which includes more than 42 genera of legume 
plants (Ono et al. 1992, Slaminko et al. 2008). ASR symptoms start as small brown or brick-red 
spots on leaves, which are usually found in the lower canopy at flowering (Rupe and Sconyers 
2008). Urediniospores are then produced from the volcano shaped uredinia which develop in 
lesions on the abaxial surface of the leaf (Marchetti et al. 1975). The accumulation of lesions 
leads to leaf yellowing and eventually plant defoliation, which significantly reduces 
photosynthetic activity and hastens plant maturity. In addition, rust development during pod 
formation or seed filling can cause embryo abortion and pod abscission (Yorinori et al. 2005). 
Windborne urediniospores can be rapidly and easily dispersed to neighboring plants. The optimal 
environment conditions for ASR include temperatures between 15 to 28 °C and high humidity 
(Marchetti et al. 1976). Tropical and subtropical regions are the main soybean production areas 
suffering from ASR as the fungus does not overwinter in temperate environments (Jurick et al. 
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2008). P. pachyrhizi has also been reported on alternative overwintering hosts in US southern 
states (Delaney et al. 2014, Sconyers et al. 2006).  
Fungicides, which can reduce ASR losses, are expensive and often need to be applied 
multiple times during the growing season. The best control strategy is the incorporation of 
genetic resistance into soybean cultivars. The natural response of soybean to P. pachyrhizi 
infection includes tan sporulating lesions, red-brown (RB) lesions or no visible lesions. 
Susceptible genotypes are characterized by tan lesions due to the production of numerous 
urediniospores within the uredia. Red-brown lesions which usually show restricted fungal growth 
and occasionally with limited sporulation are conferred by a hypersensitive reaction. The 
absence of lesions occurs only when the soybean plant is immune to P. pachyrhizi. Six loci with 
major dominant genes that confer the resistance against ASR have been described: Rpp1 from 
plant introduction (PI) 200492, Rpp2 from PI 230970, Rpp3 from PI 462312, Rpp4 from PI 
459025, Rpp5 from multiple PIs and Rpp6 from PI 567102B (Bromfield and Hartwig 1980, 
Garcia et al. 2008, Hartwig and Bromfield 1983, Hartwig 1986, Li et al. 2012). All of the 
resistance genes condition RB type resistance responses except for Rpp1, which confers an 
immune response to certain isolates of P. pachyrhizi (Miles et al. 2006). A field evaluation of 
germplasm in the USA showed that Rpp1 provided the greatest overall resistance and that 
resistance reactions varied from environment to environment (Walker et al. 2011). There are 
examples of isolates of P. pachyrhizi overcoming resistance genes; for example both Rpp1 and 
Rpp3 were reported ineffective at conferring resistance in Brazil, leaving only Rpp2, Rpp4 and 
Rpp5 resistant in some regions of that country (Alves Pereira Morales et al. 2012). Due to the 
instability of relying on single gene resistance to ASR, pyramiding Rpp genes, identifying novel 
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and non-host-specific resistance sources and are critical to creating cultivars with durable 
resistance.  
All six Rpp loci have been genetically mapped: Rpp1, Rpp4 and Rpp6 were mapped to 
three different regions of chromosome 18 (Hyten et al. 2007, Li et al. 2012, Silva et al. 2008), 
Rpp2 on chromosome 16 (Silva et al. 2008), Rpp3 on chromosome 6 (Hyten et al. 2009), and 
Rpp5 on chromosome 3 (Garcia et al. 2008). In addition, Rpp? (Hyuuga) was mapped to the 
same interval as Rpp3 (Monteros et al. 2007). A new allele of Rpp1, designated Rpp1-b was 
mapped in PI 594583A and is likely present in PI 587880A, PI 587886, and PI 561356 
(Chakraborty et al. 2009, Kim et al. 2012, Ray et al. 2009). The presence of at least two types of 
functional resistance alleles at Rpp1 were reported in PI 594767A, PI 587905 and PI 416764 
from the recent molecular mapping study by Hossain et al (2015). The recessive allele rpp2[?] 
was also mapped from PI 224270 at the same region as Rpp2 (Garcia et al. 2008). At Rpp5, three 
different resistance alleles have been reported including a dominant allele from PI 200526 and PI 
200487, an incompletely dominant allele from PI 471904, and a recessive allele from PI 200456 
(Garcia et al., 2008). QTL conditioning partial resistance to canopy damage was mapped from PI 
416947 (Harris et al. 2015). 
Rpp2 from PI 230970 was identified as a dominant gene by lesion type analysis (Hartwig 
and Bromfield 1983, Silva et al. 2008). The gene was localized to a 12.9-cM interval between the 
SSR markers Sat_255 and Satt620 on chromosome 16 using a population of 130 F2:3 derived 
lines developed from a cross between ‘BRS 184’ and PI 230970 (Silva et al. 2008). It was later 
confirmed to map to the same region in a population consisting of 140 F2 plants derived from a 
cross between ‘An76’, which carries Rpp2 and Rpp4, and ‘Kinoshita’, carrying Rpp5 (Lemos et 
al. 2011). In that study, rust resistance was mapped as QTL because quantitative ratings were 
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taken for lesion color, frequency of lesions having uredinia, number of uredinia per lesion, 
frequency of open uredinia, and sporulation level. QTL for these traits were mapped to the 3.3 
cM interval between Satt380 and Satt620 and they explained 12.3% to 29.9% of the variance 
except for lesion color. The genetic effect of the Rpp2 QTL detected in this study was greater 
than either Rpp4 or Rpp5. They further found in their quantitative analysis that resistance was 
recessive from their source of Rpp2.  
Van de Mortel et al. (2007) compared the global gene expression profiles of plants with Rpp2 
resistance from PI 230970 to susceptible plants to assess the ASR pathogen defense gene 
interaction over a time course. With this information, 140 potential genes were selected to 
construct virus-induced gene silencing vectors and 11 genes were identified as required for Rpp2 
mediated resistance against ASR (Pandey et al. 2011). The genes include four defense signaling 
and regulation genes, five predicted transcription factors, an O-methyltransferase, and a 
cytochrome P450 monooxygenase. Nevertheless, none of the 11 genes are located in the 
confirmed region of the Rpp2 locus on chromosome 16. From the sequence information of the 
Rpp4 region in susceptible cultivar Williams 82, three coiled coil (CC)-nucleotide binding site 
(NBS)-leucine rich repeat (LRR) candidate resistance genes were identified (Meyer et al. 2009). 
Virus-induced gene silencing experiments confirmed the clusters of genes are potentially 
responsible for resistance. The reverse transcription PCR products of highly expressed genes 
from the resistant genotype were sequenced and a single candidate gene for Rpp4 was identified.
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Tables 
 
Table 1.1. Common vegetation indices in crop development evaluation 
Index Wavebands and function References 
Normalized Difference Vegetation Index (NDVI) (RNIR - Rred) / (RNIR + Rred) (Deering 1979) 
Green NDVI (RNIR – Rgreen) / (RNIR + Rgreen) (Gitelson et al. 2003) 
Soil Adjusted Vegetation Index (RNIR - Rred)(1 + L) / (RNIR + Rred + L) (Huete 1988) 
Enhanced Vegetation Index 2.5 (RNIR - Rred) / (RNIR + 6Rred – 7.5 Rblue + 1) (Huete et al. 2002) 
Normalized Pigment Chlorophyll Ratio Index (Rred – Rblue) / (Rred + Rblue) (Merzlyak et al. 1999) 
Plant Senescence Reflectance Index (Rred - Rgreen) / RNIR (Merzlyak et al. 1999) 
Leaf Cover Ratio RNIR / Rred (Jordan 1969) 
Excess Green 2Rgreen – Rred – Rblue (Woebbecke et al. 1995) 
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Chapter 2 
Development of an Unmanned Aerial Vehicle High Throughput Phenotyping Platform to 
Improve Soybean Breeding Efficiency 
 
Introduction 
One of the greatest challenges of the 21st century will be to expand crop production to 
meet increasing demands for food, clothing, and fuel brought on by both the growing human 
population and its increasing affluence. The most environmentally friendly way to meet these 
demands is through developing and providing highly productive crop cultivars to farmers (Tester 
& Langridge, 2010). The recent biotech revolution is impacting the power and efficiency of this 
crop improvement process by increasing the capabilities of researchers to rapidly analyze large 
populations of plants with abundant genetic markers and we are on the brink of being able to 
fully sequence the genome of a large number of plants in breeding programs (Thomson, 2014).  
However, genetic analysis has its greatest value when it can be associated with plant phenotypes. 
While our ability to analyze DNA is increasing at an exponential rate, the capacity to phenotype 
plants in a field setting has not improved nearly as rapidly. Advances in phenotyping technology 
are critical to ensure the genetic improvement of crops to meet future demands. 
Remote sensing is the non-destructive approach to collect electromagnetic spectrum 
information by means of passive or active sensors (Campbell, 2002). Conventional remote 
sensing applications are based on satellite and manned aircraft to acquire visible (VIS) near-
infrared (NIR) and shortwave infrared radiation reflected and far-infrared radiation emitted by 
the crop to estimate the yield potential and environmental stress for large land areas (Atzberger, 
2013). The reflectance of vegetation in multiple spectral regions have been shown to be good 
estimators of crop biomass, yield, canopy coverage, leaf area index (LAI), chlorophyll content 
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and plant senescence (Daughtry et al., 2000; Gitelson, Gritz, & Merzlyak, 2003; Hatfield & 
Prueger, 2010; Merzlyak et al., 1999; Penuelas et al., 1994). However, the application of 
conventional remote sensing in plant phenotyping for breeding purposes is limited by the 
expensive targeted data acquisition and coarse spatial resolution (Wang et al., 2010). The ideal 
phenotyping system for breeding programs requires high throughput evaluation of resource 
capturing ability, utilization efficiency, and growth and development on a plot level while the 
crop develops.  
High throughput phenotyping (HTP) was first implemented in controlled greenhouses 
and growth chambers by using automated imaging systems to assess plant growth and 
performance (Luis Araus & Cairns, 2014). However, environmental factors and heterogeneous 
conditions in the field are not replicated in the controlled facilities. In addition, controlled 
facilities do not have the space needed to evaluate the large amount of germplasm in breeding 
programs. Field-based phenotyping platforms are being considered increasingly to deliver the 
necessary throughput for large scale experiments and to provide an accurate depiction of trait 
performance in real-world environments (White et al., 2012).  
Researchers have been working on high resolution sensing systems for agricultural 
settings.  Unmanned aerial vehicles have proved to be flexible platforms for sensing crop growth 
conditions (Xiang & Tian, 2011) and in-field crop monitoring towers (Ahamed et al., 2012) have 
provided higher density data for near-real-time remote sensing.  With the recent advances in 
multi-rotor systems, UAVs have progressed as a viable aerial platform for proximal remote 
sensing (Zhang & Kovacs, 2012). In particular, UAVs can operate at a low altitude to capture 
images with ultra-high spatial resolution of up to 1 cm per pixel, which is sufficient resolution 
for measuring individual field plots (Turner, Lucieer, & Watson, 2012). In addition, the system 
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can be deployed on demand with great flexibility to ensure optimal temporal resolution during 
the crop growing season. Finally, the costs and technical skills required to operate these 
platforms are becoming lower over time, which makes the UAV-based HTP a promising solution 
for plant breeding programs. 
Plant breeding efficiency is limited by spatial field variability and phenotyping capacity, 
which could be potentially improved using UAV-based HTP platforms. Spatial field variability 
usually results from agriculture management, soil heterogeneity and variability in field 
topography. Such variation in a breeding trial decreased the repeatability of the phenotypic traits 
evaluated and the precision of the trait mean estimation of given experimental entry. Soil, 
nutrition and water spatial variation have been reported to lead to large plot residual variance in 
multiple studies (Cairns et al., 2013; Masuka et al., 2012; Robertson, Lyle & Bowden, 2008). 
The UAV-based HTP was shown to capture field stress variation which can be used to assist 
crop genetic improvement (Zaman-Allah et al., 2015). In addition, the non-pattern variation due 
to planting issues, which is directly reflected as plot row length, is challenging to be explained 
using traditional biometric models, such as a randomized completely block design (RCBD) or 
nearest neighbor analysis. Therefore, characterization of such random variability on a plot level 
and removal of these effects from treatment variation are critical to increasing the genetic effect 
to noise ratio.  
Modern breeders take individual visual ratings and measurements of plants to estimate 
important agronomic traits in much the same way they did decades ago. Both biases among 
individuals taking the data and subjective criteria create imprecision in phenotypic data 
collection and the visual ratings are limited by what a human can visualize at the ground level. In 
addition, it is difficult to take visual ratings of the tens of thousands of lines evaluated in modern 
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breeding programs. Such large populations are needed to achieve successful selection of multiple 
loci, which can be in linkage disequilibrium with unfavorable traits or to dissect the genetic 
architecture of complex traits (Dinka et al., 2007). Aerial spectral imaging has been shown to 
deliver plant density estimations, physiological condition assessments and stress detection in 
different crops (Gonzalez-Dugo et al., 2015, Hunt et al., 2010, Liebisch et al., 2015, Thorp et al., 
2008). Therefore, a UAV-based HTP platform could be customized as a quick and low-cost 
approach for agronomic trait evaluation to improve the efficiency of crop breeding program.  
Random Forest (RF), a machine learning algorithm develops multiple classification and 
regression trees (CART) based on a random subset of the input variables using randomly 
selected bootstrap samples and the ensemble of these trees are combined to ensure the prediction 
accuracy (Breiman, 2001). Random Forest has been found to be superior to other machine 
learning algorithms because it is not sensitive to data skewness, can easily handle a high number 
of model parameters, and has fewer issues with overfitting (Horning, 2010). The applications of 
RF in image analysis have been increasingly reported in remote sensing classification studies 
(Guo, Fukatsu, & Ninomiya, 2015; Peters et al., 2007; van Beijma, Comber, & Lamb, 2014; 
Wiesmeier et al., 2011). 
Our research aims to establish a HTP platform based on a UAV equipped with a 
multispectral sensor system. The acquired high resolution image data were analyzed using a RF 
machine learning algorithm to improve soybean breeding efficiency. The first objective was to 
measure the plot-based canopy geometric features and test the significance of plot row length as 
a covariate in yield estimation models. The second objective was to develop a machine learning 
model for binary soybean plot maturity prediction using multispectral data.  
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Materials and Methods 
Experimental Setup 
The HTP remote sensing study was conducted at a three ha soybean field located at 
Urbana, IL (40.053602 N, 88.235721 W) in 2014. Two different breeding research trials were 
planted in this field and these trials were designated as GS and NAM. The GS trial represented a 
genomic selection (GS) study containing 2980 plots from 26 populations and two check cultivars 
(‘IA2102’ and ‘IA3023’). Each population consisted of approximately 110 recombinant inbred 
lines (RILs) developed from different breeding crosses. The NAM trial included two 
experiments that each contained 60 breeding lines from the nested association mapping (NAM) 
study. These lines were replicated twice using a randomized completed block design and there 
were 240 plots in the NAM trial. The GS trial was planted on June 9, 2014 and the plots were 
single rows with a 0.76 m row spacing and a 1.2 m length. The plots were not replicated and 
were grown in blocks of 20 entries and each block included check cultivars. The NAM trial was 
planted on June 7, 2014 and the plots were four rows wide with a 0.76 m row spacing and a 3.6 
m length. 
To ensure the geo-referencing accuracy of images collected by the UAV HTP platform, 
12 flat 61-by-61 cm cross-patterned wooden panels were mounted on metal poles sunk into the 
soil to act as permanent ground control points (GCPs) (Figure 2.1A). The center position of each 
panel was measured using a survey grade GPS unit, which provided cm-level accuracy. In 
addition, a 122-by-122 cm wooden board painted white and black in a four-cell checkerboard 
pattern with paint-sand mix to create a near-Lambertian reflection surface (Figure 2.1B). This 
board was placed in the center of the field and used as a reference object to account for different 
irradiance conditions at each data collection time.  
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Development of HTP Platform 
An autonomously flying octocopter, “X8” (3D Robotics, San Diego, CA) was purchased 
as a ready-to-fly kit. Two Canon S110 point-and-shoot digital cameras (Canon Inc., Lake 
Success, NY) were mounted under the UAV to point at the nadir, one of which had been 
converted for capturing NIR only. These digital cameras were equipped with complementary 
metal-oxide semiconductor (CMOS) sensors, which are sensitive to wavelength between 350 nm 
and 1100 nm. One of our cameras was modified into a standard NIR camera using a 720 nm long 
pass filter by a commercial company (Kolari Vision, Raritan, NJ). Nijland et al. (2014) showed 
when the infrared (IR) rejection filter in the digital camera was replaced by a 590 nm long pass 
filter, the Blue-channel recorded IR only and was the second most sensitive to IR after Red-
channel. Due to the concern of potential contamination of visible light in the Red-channel, the 
Blue-channel of the images taken by this modified camera was used to extract the NIR 
information. 
Data Acquisition 
Both cameras were programmed to continuously take 12 megapixel 16-bit RAW-format 
images at a rate of approximately 1/3 frames sec-1 using scripts from the Canon Hacker 
Development Kit (CHDK). The aperture, exposure time and ISO were tuned to adapt to the light 
condition on full sunny days and these values were kept the same for both cameras during the 
whole data collection period. The flight mission was planned using the “Mission Planner” 
ground station software (3D Robotics, San Diego, CA) with defined camera specifications, field 
area corner coordinates, flying parameters and overlap percentage between images. The focal 
length of both cameras was set at 5.2 mm and the UAV was flown at 95 m altitude with 6 m sec-1 
horizontal speed. The images were acquired at 88% forward overlap and 60% side overlap. Each 
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coverage footprint was approximately 139-by-104 m and the spatial resolution was 3.5 cm/pixel. 
The waypoint and flying route were automatically generated on the ground station and uploaded 
to the main control board on the UAV. In each flight, the pilot manually launched the UAV with 
the radio transmitter and then activated the autonomous flying mode, resulting in the UAV 
traveling in a designed route to waypoints and then self-landing once the mission was 
accomplished. The entire UAV flight was within line-of-sight of the pilot, who was ready to 
manually operate the UAV to ensure safety. The multispectral image data were collected over 
the field of GS and NAM trials on July 24, August 25 during the soybean development and 
approximately twice a week when plants started maturing (September 19, September 23, 
September 26, September 30 and October 6), as weather permitted. 
The agronomic trait data collected as a part of field studies were used to correlate with 
the results from remote sensing. Plot maturity date was recorded when approximately 95% of the 
pods in the plot had achieved mature pod color (Fehr et al., 1971). Plot seed yield was measured 
by harvesting plots with a combine and adjusting seed moisture to 13%. 
Image Data Processing 
Raw-format images collected by both VIS and NIR cameras for each date were manually 
selected to remove photos shot during takeoff and landing. The orthophotos of the field were 
generated using a commercial computer vision software package, Agisoft Photoscan Pro (Agisoft 
LLC, St. Petersburg, Russia), which provides a user-friendly automated pipeline through steps of 
photo alignment, matching and bundle adjustment. The image quality index was determined with 
Photoscan Pro before the “Align Photos” step and images with a quality score less than 0.6 were 
removed from the input. The “High Accuracy” and “Generic” pair selection settings were used in 
the “Align Photos” step. The 12 GCP were manually identified from all images and the GPS 
 34 
 
information of these GCPs were loaded to geo-reference the orthophotos and assisted the camera 
calibration in subsequent optimization step. The “Interpolation” mode was disabled in the “Build 
Mesh” step to only reconstruct areas with available points from the dense point cloud. In the 
texture generation process, “Mosaic” was set as the “Blending mode” parameter. This option 
made the Photoscan Pro use the pixels located within the shortest distance from each image 
center instead of simply overlapping photos, which ensured the accurate pixel values in the 
stitched image. Final orthophotos were exported to a Geo-TIFF format (Figure 2.1C). The VIS 
and NIR Geo-TIFF files on the same date were imported into ArcGIS 10.2 (ESRI, Redlands, CA) 
to generate composited multispectral images consisting of Blue-channel, Green-channel and 
Red-channel from the VIS image and Blue-channel from the NIR image.  
The radiance reaching the sensor is in linear relationship with the digital numbers (DN) in 
each band and therefore the following linear equation can be used to perform relative radiometric 
normalization between images taken on different dates: 
𝐵𝑙𝑎𝑐𝑘𝑇1,𝑘 = 𝑎𝑘 × 𝐵𝑙𝑎𝑐𝑘𝑇2,𝑘 + 𝑏𝑘    
                                                 𝑊ℎ𝑖𝑡𝑒𝑇1,𝑘 = 𝑎𝑘 × 𝑊ℎ𝑖𝑡𝑒𝑇2,𝑘 + 𝑏𝑘                                              (1) 
where 𝐵𝑙𝑎𝑐𝑘𝑇1,𝑘, 𝐵𝑙𝑎𝑐𝑘𝑇2,𝑘, 𝑊ℎ𝑖𝑡𝑒𝑇1,𝑘 and 𝑊ℎ𝑖𝑡𝑒𝑇2,𝑘 are the DNs of the dark and bright 
reference object presents in band 𝑘 of image taken at time 𝑇1 and 𝑇2, respectively; and 𝑎𝑘 is the 
slope or the gain and 𝑏𝑘is the intercept or the offset (Hall et al., 1991; Yang & Lo, 2000). The 
DN of dark reference object was extracted and averaged from 60 geo-stationary pixels at the 
black part of the calibration board for given bands of multispectral image. Due to overexposure 
at the white part of the calibration board on certain dates, we chose the roof of a white painted 
shed next to our fields, which was not overexposed, as the white reference object. Images taken 
on September 19 were used as the “T1” reference images. Normalization coefficients for the 
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images taken at the subsequent dates (September 23 through October 6) were calculated using 
the equation (1) and applied towards the whole image to accomplish the radiometric 
normalization.     
Data Extraction 
Blocks were clipped from orthophotos to exclude unwanted areas around study plots and 
the block corner coordinates were adjusted to visually control study plots falling into the grid cell 
center using ArcGIS 10.2 (ESRI, Redlands, CA) (Figure 2.2A). Spatial vectors were designed 
using packages ‘sp’ and ‘raster’ in R version 3.2.2 (Bivand, Pebesma, & Gomez-Rubio, 2005; 
Hijmans, 2015; Rogers, Edzer, & Virgilio, 2013). The point vectors located at the center of plots 
and the alley between plots were created to extract and average DN of pixels represent the “crop” 
and “soil” (Figure 2.2B). Plots which possess little or no vegetation were removed to minimize 
the noise in the model training dataset. Two types of polygon vectors for individual plots were 
created to extract corresponding pixel information: one was the overall plot and the other was 
three center columns of the pixel array for a given plot (Figures 2.2C & 2.2D).  
Data Analysis  
Data analyses were performed using R version 3.2.2 and SAS 9.3. To estimate the 
geometric features of the plot canopy, images taken at July 24 were selected because soybeans 
were in the critical development stage and there were clear differences and little overlap between 
“crop” and “soil” objects. The dataset included multispectral DNs of pixels representing “crop” 
and “soil” were randomly divided into half to create training and testing datasets. A RF 
supervised classification model was developed using R package ‘randomForestSRC’ (Ishwaran 
& Kogalur, 2015; Ishwaran et al., 2008) on the training dataset, which contains 22,320 “crop” 
and 98,876 “soil” pixels. The performance of the model was evaluated using the confusion 
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matrix and accuracy statistics using R package ‘caret’ on the testing dataset (Kuhn, 2015). This 
RF model was further applied on clipped images (blocks) to develop classification maps. 
Predicted “crop” and “soil” pixels were colored in classification map layer, which was then set as 
50% transparent and added on top of the original image to further evaluate the classification 
accuracy (Figure 2.3). 
Two relative plot geometric features were defined as follows: 
𝐶𝑎𝑛𝑜𝑝𝑦 𝐴𝑟𝑒𝑎 =  𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 "𝑐𝑟𝑜𝑝" 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑝𝑙𝑜𝑡
𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡ℎ𝑒 𝑝𝑙𝑜𝑡 𝑝𝑖𝑥𝑒𝑙𝑠   
                      𝑃𝑙𝑜𝑡 𝑅𝑜𝑤 𝐿𝑒𝑛𝑔𝑡ℎ =  𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 crop 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑡ℎ𝑟𝑒𝑒 𝑐𝑒𝑛𝑡𝑒𝑟 𝑟𝑜𝑤𝑠
𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡ℎ𝑒 𝑡ℎ𝑟𝑒𝑒 𝑐𝑒𝑛𝑡𝑒𝑟 𝑟𝑜𝑤𝑠 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠                          (2) 
where “crop” pixels were those classified as crop type after image segmentation of plot pixels 
and three center row pixels were those presented in the defined polygon vectors. The total 
number of the plot pixels and three center row pixels were consistent for all plots in the given 
trial because the plot sizes are the same. The value of these relative plot geometric features 
ranged from 0 to 100%. Both geometric features were calculated for each plot in the GS trial. 
The plot row length was averaged from the center two rows of four-row plot in the NAM trial to 
be consistent with the yield data collection. The correlation coefficient (r) was calculated 
between plot geometric features and yield for all the plots within individual populations. Mixed 
models which contain “genotype” as fixed factor and “block” as random factor were developed 
to estimate the genotypic effect for yield in the breeding trial. Plot row length was then included 
as a covariate in these models to assess the accuracy improvement of the covariate on genotypic 
mean estimations. Broad sense heritability was calculated to check the impacts of the plot row 
length covariate adjustment.      
Plot maturity notes determined visually were matched with the nearest image date (Table 
2.1) and each plot was classified into “mature” or “not mature” for a given date. The 
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multispectral DNs for each plot were extracted, averaged and associated with the binary recorded 
maturity variable (“mature” / “not-mature”) for each date. Data were extracted using two types 
of spatial polygon vectors, which were the overall plot and center rows from the GS trial, to 
develop and validate RF models. The best model was then tested on the data extracted from the 
NAM trial to further evaluate the prediction ability and universality. The predicted maturity date 
for a plot was determined at the earliest date an image of the plot was predicted as “mature”. The 
predicted maturity date was then compared with the recorded maturity date to evaluate the 
prediction performance. Because the image data collection did not cover the full period until all 
plots reaching maturity, certain plots did not have maturity dates on the last date of UAV 
scouting. If these plots were predicted to be “not-mature” based on multiple spectral images, they 
were removed from this comparison because predicted maturity dates were unknown.     
Results 
Crop and Soil Classification 
On the orthophoto generated from images taken at July 24, we sampled approximately 15 
crop pixels and 66 soil pixels for each plot in the GS trial. There were 44,640 and 197,752 pixels 
in each category, after removing plots that had little vegetation. The RF classification model 
using multispectral remote sensing data achieved overall accuracy of 99.9% and kappa 
coefficient of 0.997 (Table 2.2). The producer’s accuracy and user’s accuracy for both classes 
were all over 99.5%. The classification map of the RF model showed that crop canopy is 
effectively classified for the majority of the plots for the GS trial and canopy edge details were 
well revealed (Figures 2.3A & 2.3B). For the NAM trial, which was planted with different sized 
plots than the GS study, the RF classification model developed using the GS trial data also 
successfully recognized the four-row canopy in each plot (Figures 2.3C & 2.3D). 
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Canopy Geometric Features vs. Yield 
High resolution multispectral images taken by our UAV HTP platform were able to show 
spatial variation of both canopy area and plot row length among soybean plots. The descriptive 
statistics for canopy area, plot row length and plot yield of the 2,980 plots in GS trial are 
presented in Table 2.3. The canopy area (%) and plot row length (%) were calculated from 
remote sensing image data collected on July 24, 2014, when soybean approximately reached R3 
stage. Plot yield variation ranged from 0 to 5,839 kg ha-1 which resulted from genetic and 
environmental factors. From quartile statistics, a majority of the plots have canopy area and plot 
row length close to the mean value. Both canopy area and plot yield had higher coefficient 
variation than plot row length.  
The correlations between canopy area and yield across all overall plots, check lines and 
individual populations were significant (p < 0.05). The correlation of coefficient (r) between 
canopy area and yield across all plots was 0.56 and there was variation for this correlation among 
populations, which were developed from different crosses between soybean cultivars and 
therefore had distinct genetic backgrounds (Figure 2.4A). The correlation of coefficient (r) 
between canopy area and yield for two check lines ‘IA3023’ and ‘IA2012’, each of which 
contained approximately 150 genetically identical plots in the trial, were 0.68 and 0.74 
respectively. The plot yield for ‘IA2102’ ranged from 1,591 to 4,900 kg ha-1 and the canopy area 
was from 17% to 66% (Figure 2.5A).  
Significant correlations were also observed between plot row length and yield across all 
plots, check lines and different populations in the GS trial. The correlation coefficient across all 
the plots was 0.49 and there was substantial variation in the correlation coefficient (r) among 
populations, which ranged from 0.41 to 0.75 (Figure 2.4B). The rank of the correlation 
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coefficient for different populations was similar compared to the rank of relationship between 
canopy area and yield. There was also strong correlation between canopy area and plot row 
length (r = 0.74). Overall, lower correlations were observed between plot row length and yield 
compared to the correlation between canopy area and yield. The range of plot row length for 
‘IA2102’ was from 42% to 81% (Figure 2.5B). 
Plot Row Length Covariate Effect 
In the preliminary experiment, the plot row length was significant (p < 0.0001) as a 
covariate term in the mixed yield estimation model for two check lines, ‘IA2102’ and ‘IA3023’, 
which were grown as single-row-plot in nine blocks in the GS trial. The row length covariate 
was also shown to be significant (p < 0.01) in the yield estimation model for 60 genotypes grown 
in four-row-plot with two replications RCBD in the NAM trial. When the row length was 
included as a covariate in the analysis, there was a substantial reduction in the residual mean 
square and the standard error of genotype mean estimations, with the increase of model fitness, 
which is displayed as AIC in mixed model (Tables 2.4 & 2.5). While the genotype mean square 
was diminished by incorporating of the covariate term, the significance of the genotypic effect 
was not impacted due to simultaneous reduction of error mean squares. There was a slight 
improvement on the heritability estimation in the NAM trial after including the plot row length 
as covariate.     
Maturity Prediction 
Two maturity prediction RF models were developed using the multispectral image data 
extracted from overall plot and plot center columns in the GS trial, respectively. Both RF models 
showed high overall accuracies (over 93%) for soybean maturity prediction and they are not 
significantly different from each other (Tables 2.6 & 2.7). The kappa coefficients indicated that 
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there is 72% better agreement than expected by chance alone for both maturity prediction models. 
The confusion matrix indicated high producer’s and user’s accuracies for classifying plots that 
were not-mature, whereas the mature plots had lower values in the two models. There was a 
tendency to classify plots that were not-mature as mature for both RF models. Analysis of 
variable importance of both RF models indicated that Blue and NIR bands were more valuable 
for soybean maturity prediction than Green and Red bands in general, and Blue and NIR 
information were especially more important to predict mature plots than not-mature plots (Figure 
2.6). The variable importance for multispectral bands and the error rate of prediction in each 
category for both RF models had a similar pattern.  
Since the aim was to utilize machine learning to assist soybean breeders to achieve high 
throughput maturity estimation from remote sensing image, the RF model using data extracted 
from overall plots was preferred over the center column due to slightly higher user accuracy in 
classifying mature plots. The model developed from single-row plot multiple spectral data of the 
GS trial was applied on the four-row plot data of the NAM trial and the error matrix was shown 
in Table 2.8. The overall accuracy for this model prediction was 93.75%, which further validated 
the maturity prediction capability of the RF model. The producer accuracies for both mature and 
not-mature class were over 90%, which indicated that the RF model was able to successfully 
recognize the given class from the image data. However, the user accuracy for the mature class 
was 66.14%, which suggested the similar inclination of predicting not-mature plots as mature 
occurred in the four-row-plot layout.  
The differences of the recorded maturity date and the predicted maturity date based on 
remote sensing image data was displayed in Figure 2.7, which provided another perspective to 
evaluate the RF prediction model performance. There was 63% of the chance that the model 
 41 
 
could predict exact maturity date as recorded in the field for the GS trial, and this rate was 
slightly lower in the NAM trial. When allowing a difference of one (plus or minus) in prediction 
date relative to the assessment threshold, the model could achieve over a 96% chance of being 
correct. There was no consistent tendency for the model to predict plot maturity earlier or later 
than the actual recorded date from the GS and NAM trials.  
Discussion 
Image Processing 
High resolution mapping of canopy geometric features at plot level was done in this study 
by using supervised RF models for segmentation. There are several common strategies for 
segmenting images containing vegetation, such as using the spectral index, applying a threshold 
on transformed RGB images and developing learning algorithms (Gebhardt et al., 2006; Liebisch 
et al., 2015; Zheng, Shi, & Zhang, 2010). As the objective of this study was to measure the 
geometric features of the canopy at plot level, we chose to develop a supervised learning model 
to construct the high accuracy binary crop and soil map. Although the image resolution was at 
cm scale, there were still mixed pixels of plant and soil, especially in the canopy edge area. 
Furthermore, high resolution images also had a significant amount of shadow pixels on the 
canopy edge and weed pixels within plots. Such issues can decrease the accuracy for the binary 
map to detect subtle differences in canopy geometric features. However, it was evident that our 
approach captured variation in canopy area and plot row length from different types of plots in 
two trials.   
Because the experimental site was at a relatively high latitude (40°3'19" N), the sun elevation 
angle during the remote sensing image collection season (Mid July to Early October) ranged 
from approximately 60° to 40°, which affected the object irradiance recorded by the sensor. In 
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airborne remote sensing, sensor view angle can significantly affect reflectance measurements of 
a three dimensional vegetation canopy, which is described as bidirectional reflectance 
distribution function (BRDF) (Goel, 1988; Lobell et al., 2002).We performed data collection 
close to local solar noon to maximize illumination and minimize shadowing of ground objects. 
The UAV was flying at a relatively high altitude and all images were processed through the 
stitching steps using center best image portions to avoid negative effects due to view angle. 
Image data from the whole field were combined to develop the RF model. All of these strategies 
were aimed to ensure the data uniformity and consistency in model development and evaluation, 
which turned out to be successful based on the results presented in this study.  
Canopy Geometric Features and Yield  
We defined two geometric features to describe the soybean canopy, both of which were 
significantly correlated with yield and the relationship varied among breeding populations in this 
study. Canopy area was reported to have one-to-one relationship to light interception, which is a 
function of photosynthetically active radiation (PAR) above and beneath a canopy in soybean 
(Board, Kamal, & Harville, 1992; Monteith, 1977; Purcell, 2000). Light interception efficiency is 
an important parameter to track energy transfer from sun to plants in the Monteith yield potential 
equation (Monteith, 1977). Koester et al. (2014) found that season long light interception 
increased over 84 years of breeding which helped drive soybean yield increases. Canopy 
reflectance, expressed as normalized difference vegetation index (NDVI), was found to be highly 
positively correlated with yield in soybean R4 and R5 stages (Ma et al., 2001). However, studies 
have demonstrated that the detection of genetic variation with vegetation indices (VIs) varied 
significantly depending on the developmental stages and growth conditions for the crop 
(Aparicio et al., 2000; Zaman-Allah et al., 2015). The significant correlation between soybean 
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canopy area remotely measured at the R3 stage and final grain yield in our study provided a 
novel solution beyond spectral index to predict yield in a high throughput manner. This 
advancement in phenotyping also enables large scale physiological experiments that could 
identify hidden yield potential targets. Both aspects are beneficial for improving plant breeding 
efficiency. 
Plot row length was measured as the other canopy feature in order to capture variation 
resulting from planting errors and germination issues. Inconsistency in planting should be 
independent from genetic effects and poor germination can be caused by genetic and 
environmental factors and their interactions. The environments factors would include soil 
compaction, field topography and nutrition pressure. Such pitfalls increased error variation in 
yield comparison tests on varieties. Yield estimation accuracy was found to be negatively 
affected by the heterogeneous field conditions and using covariate adjustment was proposed to 
mitigate such external unbalances (Berman & DeJong, 1996; Masuka et al., 2012; Zaman-Allah 
et al., 2015). In our new model, which included the plot row length as a covariate, we found 
reduction in both genotypic and error variance, which was in agreement with the fact that 
variation presented in row length was the interaction of genotype and environment. The increase 
of heritability after the covariate adjustment suggested positive impact on improving yield testing 
and selection in breeding programs. Zaman-Allah et al. (2015) showed that the spectral index 
collected by a UAV platform effectively characterized spatial field variation and assessed crop 
performance under nutrition deficiency. The plot row length measured by our UAV platform 
efficiently provided additional information to address the plant response towards field variation 
plus the planting errors.  
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In the NAM trial, which was planted in four-row plots with a 3.6 m row length, the plot 
row length was averaged from the center two rows and we rarely saw shorter than half length 
rows. Traditionally, multiple long row plots were used in advanced yield trial to minimize 
environment effects within the plot. Such an advantage was observed in this study: the plot row 
length variation in the NAM trial was much smaller than the variation in the GS trial, which was 
planted in single-short-row plots. However, the variation presented in the large-plot NAM trial 
was still significant and the accuracy of variety yield estimations was improved by removing 
such heterogeneity.  
Maturity Prediction 
In the RF model development for maturity prediction, we extracted multispectral 
information from two areas for each single row breeding plot: pixels from whole plot and from 
the center three columns of the plot. We did not find any apparent differences between the two 
RF models in terms of variable importance and prediction accuracy, which suggested that the 
soil interference in the soybean maturity prediction was trivial. Vegetation indices, such as 
NDVI and plant senescence reflectance index (PSRI), have been reported to be related to the 
senescence of the crop canopies (Gwathmey, Tyler, & Yin, 2010; Merzlyak et al. 1999). The 
NDVI reflected the leaf photosynthetic capacity and the PSRI was found to be sensitive to the 
carotenoid/chlorophyll ratio (Merzlyak et al. 1999). High dependence on leaf reflectance led to 
leaf areas of target canopies imposing limitations on these measurements (Hartfield & Prueger, 
2010). Soybean maturity is rated based on the chlorophyll loss of pods, which is correlated with 
but not completely the same as defoliation and leaf chlorophyll loss. Therefore, we established a 
learning algorithm that directly uses spectral data from radiometric normalized images to predict 
plot maturity status. Our models identified that the Blue and NIR bands were the most important 
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variables to ensure the prediction accuracy. Strong correlation between NIR and canopy maturity 
was reported using airborne image systems and multiple wavelength in the NIR range was 
further validated as significant in the spectral prediction models via partial least square analysis 
(Robson et al., 2004).  
Over 93% maturity prediction accuracy was shown in our RF model on the single short-
row plots in the GS trial, and similar results were further validated in an independent field study 
(NAM trial), where soybean varieties with distinct genetic background were grown in different 
plot layout. The validation results demonstrated the predictive capability of applying the RF 
model in different soybean field studies. However, it is necessary to perform replicated 
experiments in multiple years and locations to reinforce this conclusion. While encouraging, we 
found both producer accuracy and user accuracy for mature group prediction were relative low 
(~ 75%) in the GS trial, which suggested a limitation of the model in determination of mature 
plots relative to not-mature ones. Because soybean maturity is determined based on pod 
senescence but not leaf senescence, those plots with mature pods that retain green leaves would 
be challenging to have their maturity dates correctly predicted via our current RF model. In 
addition, mature soybean pods and stems can have three different pubescence colors, tawny, light 
tawny and gray, a phenotype which is controlled by two genes (Bernard, 1975). Such complexity 
in mature color may interfere with the RF model to establish consistent learning rules. Future 
experiments could focus on the study of prediction ability for soybean pods with uniform 
pubescence color. High producer accuracy and low user accuracy for mature plot prediction in 
the NAM validation experiment indicated that the majority of the mature plots were predicted by 
the model, but it was a challenge to call not-mature correctly for the plots which were close to 
maturity. More rows with greater length for each plot in the NAM trial provided additional data 
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for the model which improved the power of prediction, but also might add ambiguity making a 
precise judgement. Unfortunately, we had too few plots in the NAM trial to establish a new RF 
model specifically for the four-row plots to compare such effects.              
Accurate prediction of soybean maturity and replacing human labor by automated high 
throughput phenotyping was the ultimate goal for this study. With the current HTP platform and 
RF model, we could achieve up to 63% exact match between ratings taken in the traditional way 
and the predicted maturities. Because our breeding trials contained thousands of plots, maturity 
notes were accomplished by multiple people who visited the fields at different times 
approximately every six days. Individual bias and human prediction error did exist in the 
reference dataset. When a difference of up to one sampling date is accepted between predicted 
and recorded maturities, which is approximately three calendar days, our model achieved almost 
perfect accuracy (>95%) for the two independent field trials. This is sufficiently accurate for 
maturity predictions in most breeding applications. Studies that successfully performed crop 
maturity predictions with RF models using time-course airborne images are limited and our 
results suggest that the methods we developed are very promising and could potentially be used 
to increase the efficiency of phenotypic evaluations in breeding trials.  
In conclusion, we developed an UAV-based HTP platform that collected high resolution 
multispectral images over the soybean growing season and developed prediction models that 
improved the estimation of yield and plant maturity. In addition, canopy geometric information 
was easily acquired to broaden the scope studying yield potential beyond the traditionally studied 
spectral parameters. Our results showed the capacity of the platform in improving soybean 
breeding efficiency and its convenience and throughput to enable diverse large scale field studies, 
much of which may be applicable to other crops. Current limitations of HTP included the cost of 
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a stable carrier and a high quality sensor system, weather conditions that limit the ability to fly 
on data collection days and government restrictions. However, with the prevalence of UAVs and 
the further development of sensor technology, using HTP remote sensing platforms is expected 
to reduce the current imbalance between phenotyping and genotyping throughput, and increase 
the efficiency of the collection of phenotypic data in large-scale plant breeding programs.
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Figures and Tables 
 
 
Figure 2.1 Ground control points set up and field overview. (A) Ground control points (GCP) set up in 
the field. (B) Calibration board used for radiometric normalization. C Overview of the experimental field 
at September 19, 2014, shown as the geo-referenced orthophoto after image stitching and processing 
procedures. The GCPs and calibration board positions were referred by arrows.   
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Figure 2.2 Representation of image clipping and layout of constructed spatial vectors. (A) Clipped image 
(Block, partially shown, taken on July 24, 2014) which represented partial GS trial after removing excess 
areas. The grid was applied according to the original field layout and each cell referred to a plot. (B) The 
positions of two categories of spatial points in a plot, which were used for sampling pixels denoted crop 
and soil. (C) The layout of spatial polygon which were used to extract multispectral information from 
overall pixels of single plot. (D) The layout of spatial polygon which were used to extract multispectral 
information from center three columns of pixels of single plot.  
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Figure 2.3 Evaluation of crop-soil classification model performance. (A) The false color image of partial 
GS trial (taken on July 24, 2014), where NIR was displayed as red color. (B) The classification layer was 
applied on top of the GS trial image (A) to assess the classification model performance. In the 
classification layer, canopy was labeled in black color and soil was in teal, with 50% transparency. (C) 
The false color image of partial NAM trial (taken on July 24, 2014) with grids to denote the four-row plot 
field layout. (D) The classification layer was applied according to the description in B on top of image (C) 
to evaluate model performance. 
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Figure 2.4 The correlation coefficient (r) between canopy area (%) and yield (kg ha-1) (A), and r between 
plot row length (%) and yield (kg ha-1) (B), for 26 breeding populations, two check lines and total 2980 
plots in the GS trial. The canopy area (%) and plot row length (%) were calculated from remote sensing 
image data collected on July 24, 2014. Each breeding population consisted of approximately 110 
recombinant inbred lines (RILs) and two check lines, ‘IA3023’ and ‘IA2102’, had about 150 replicated 
plots. The arrow marked out the r of check lines and total plots.    
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Figure 2.5 The scatter plot with linear correlation between canopy area (%) and yield (kg ha-1) (A), and 
between plot row length (%) and yield (kg ha-1) (B), for 150 replicated plots of ‘IA2102’ in the GS trial. 
The canopy area (%) and plot row length (%) were calculated from remote sensing image data collected 
on July 24, 2014. 
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Figure 2.6 Output of Random Forest (RF) model for soybean maturity prediction, developed from 
multispectral data extracted from pixels of overall plot area (A) and pixels of three center columns of the 
plot (B). The left panel of each figures were the out of bag (OOB) estimated error rate associated with the 
number of trees to be grown for RF model to predict mature plots (“yes”, in green color), not-mature plots 
(“no”, in red color) and combined categories (“all”, in blue color). The right panel for each figure gives 
the importance estimation of the RF model for four multispectral bands (NIR, R, G and B). 
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Figure 2.7 The comparison results between the recorded maturity date by human evaluation and the 
predicted maturity date using remote sensing and random forest model for the GS trial (A) and the NAM 
trial (B). Exact match and date differences were marked as different portion of the pie chart. The date 
referred to the remote sensing data collection time which means one date difference in this chart was 
approximately three calendar days.  
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Table 2.1 Summary of recorded maturity date and remote sensing multispectral image collection date. 
Recorded Maturity Date Image Collection Date Mature Plots in GS Trial Mature Plots in NAM Trial 
9/20 9/19 2 0 
9/22, 9/24 9/23 13 0 
9/26 9/26 24 2 
9/28, 9/30 9/30 525 37 
10/2, 10/4, 10/6 10/6 901 99 
 
 
 
 
 
 
 
 
 
 
Table 2.2 Confusion matrix of the RF model for crop and soil classification. Model predictive variables are NIR, Red, Green and Blue 
bands. Data was extracted from GS trial image taken on July 24, 2014.  
    Reference data   
    Crop Soil Row total  User accuracy (%) 
Predicted data 
 Crop  22226 32 22258  99.86 
 Soil  94 98844 98983  99.86 
 Column total  22320 98876    
  Producer accuracy (%)  99.58 99.97    
Overall accuracy (%) = 99.90 Kappa = 0.997 
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Table 2.3 Descriptive statistics for canopy area, plot row length and plot yield for 2980 plots in the GS trial. The canopy area (%) and 
plot row length (%) were calculated from remote sensing image data collected on July 24, 2014. Q1 and Q3 refer the 25% and 75% 
quantile of the corresponding data, respectively. SD stands for standard deviation and CV stands for coefficient variation.  
 Mean Min Max Q1 Q3 SD CV (%) 
Canopy area (%) 47 6 62 41 53 9 19.12 
Plot row length (%) 68 4 74 64 72 7 9.91 
Plot yield (kg/ha) 3718 0 5839 3345 4153 648 17.43 
 
 
 
 
 
 
Table 2.4 Statistics for comparing different models for the plot yield (kg ha-1) of the two check lines (IA2012 and IA3023), each of 
which contained approximately 150 genetically identical plots in the GS trial. 
Model Df Residual mean square Genotypic variance Standard error for genotype mean AIC 
Yield ~ Genotype + Block + Error 288 249156 137791 112 4553 
Added Plot Row Length as Covariate 287 178802 76511 95 4439 
 
 
 
 
Table 2.5 Statistics for comparing different models for the plot yield (kg ha-1) of the 60 genotypes with two replications in the NAM 
trial. 
Model Df Residual mean square Genotypic variance Standard error for genotype mean H2 AIC 
Yield ~ Genotype + Block + Error 60 78081 56385 238 0.33 895 
Added Plot Row Length as Covariate 59 69919 52821 220 0.35 872 
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Table 2.6 Confusion matrix of the RF model for maturity prediction using data extracted from overall plot. Model predictive variables 
are NIR, Red, Green and Blue bands. Data was extracted from GS trial image clips. 
    Reference data   
    Matured Not matured Row total  User accuracy (%) 
Predicted data 
 Matured  803 229 1032  77.81 
 Not matured  276 6143 6419  95.70 
 Column total  1079 6372    
  Producer accuracy (%)  74.42 96.41    
Overall accuracy (%) = 93.22 Kappa = 0.721 
 
 
 
 
 
 
 
 
 
Table 2.7 Confusion matrix of the RF model for maturity prediction using data extracted from plot center columns. Model predictive 
variables are NIR, Red, Green and Blue bands. Data was extracted from GS trial image clips. 
    Reference data   
    Matured Not matured Row total  User accuracy (%) 
Predicted data 
 Matured  824 263 1087  75.80 
 Not matured  255 6109 6364  95.99 
 Column total  1079 6372    
  Producer accuracy (%)  76.37 95.87    
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Table 2.8 Confusion matrix of the RF model for maturity prediction using data extracted from overall plot. Model predictive variables 
are NIR, Red, Green and Blue bands. Data was extracted from NAM trial image clips. 
    Reference data   
    Matured Not matured Row total  User accuracy (%) 
Predicted data 
 Matured  125 64 189  66.14 
 Not matured  11 1000 1011  98.91 
 Column total  136 1064    
  Producer accuracy (%)  91.91 93.98    
Overall accuracy (%) = 93.75 Kappa = 0.734 
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Chapter 3 
Impact of Rhg1 Copy Number and Interaction with Rhg4 on Resistance to  
Heterodera glycines in Soybean 
 
Introduction 
Soybean [Glycine max (L.) Merr.] is one of the most important crops in the world, 
representing 68% of protein meal consumption and 59% of oilseed production globally 
(www.soystats.com). A steady increase of soybean production is needed to meet the 
growing world food and energy demands. Soybean cyst nematode (SCN; Heterodera 
glycines) is the most devastating pest of soybean worldwide, causing estimated annual 
losses of $1.286 billion in the USA (Koenning and Wrather 2010). SCN J2 juveniles 
infect susceptible soybean plant roots, starting with the formation of syncytia at the 
feeding sites, accompanied by a series of plant cellular changes. Although the 
aboveground symptoms are not always obvious, soybean yields are adversely affected 
due to stunted roots and reduced nodulation (Davis and Tylka 2005, Niblack et al. 2006). 
Established SCN is difficult to eradicate and crop rotation and the use of SCN resistant 
cultivars are by far the most successful strategies in SCN management (Davis and Tylka 
2005).  
Quantitative trait loci (QTL) that control SCN resistance have been studied 
extensively during the past decades (Concibido et al. 2004, Guo et al. 2006a). The Rhg1 
locus on chromosome 18 is the most important and widely used SCN resistance locus in 
commercial soybean cultivar development in the USA (Concibido et al. 2004, Li et al. 
2004). This locus was mapped from multiple SCN resistance sources including plant 
 65 
 
introduction (PI) 437654, PI 209332, ‘Peking’ (PI 548402), PI 90763, PI 88788, PI 89772, 
PI 88287, PI 404198A, and PI 437655 (Concibido et al. 1996, Concibido et al. 1997, 
Glover et al. 2004, Guo et al. 2005, Guo et al. 2006b, Jiao et al. 2015, Webb et al. 1995, 
Yue et al. 2001). The allele from PI 88788 is the prevailing SCN resistance gene in 
soybean cultivars in the Midwestern USA (Cregan et al. 1999, Tylka and Mullaney 2013). 
However, this widespread use has resulted in SCN populations becoming adapted to this 
gene. Niblack et al. (2008) showed that 70% of the SCN positive soil samples from 
Illinois contained populations which could overcome PI 88788 resistance. 
Brucker et al. (2005) found that Rhg1 alleles from PI 437654 and PI 88788 
responded differentially to SCN populations and the resistance allele from PI 88788 was 
designated rhg1-b while the allele from Peking and PI 437654 kept the designation rhg1 
(Kim et al. 2010). Rhg1 was originally described as a recessive or partially recessive 
resistance gene (Brucker et al. 2005, Caldwell et al. 1960). However, more recent 
research indicates that Rhg1 has additive gene action (Kim et al., 2010); therefore we will 
use the designation Rhg1 for the Peking and PI 437654 allele and Rhg1-b for the PI 
88788 allele. Kim et al. (2010) fine mapped the Rhg1-b allele from PI 88788 to a 67 kb 
region in the genome of the SCN susceptible cultivar Williams 82 (Glyma.Wm82.a1). 
Further investigations revealed that a 31.2 kb segment in the region containing four 
complete genes was present one, three, or 10 times in soybean accessions (Cook et al. 
2012). The SCN resistant accessions PI 437654 and Peking have three copies of the 
genes, the cultivar Fayette, which has resistance from PI 88788, has 10 copies, and the 
susceptible cultivar Williams 82 has one copy. Enhanced SCN resistance was associated 
with overexpression of three of the four genes. This and other evidence indicates that 
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Rhg1 mediates SCN resistance via copy number variation (CNV) of multiple genes 
(Cook et al. 2012).  
A high copy number group, which contains seven to 10 copies of the previously 
identified Rhg1 repeat, and a low copy number group, which contains three copies, were 
identified from 41 diverse soybean accessions (Cook et al. 2014). Lee et al. (2015) 
studied a broad soybean accession pool and observed continuous variation for copy 
number at Rhg1 that ranges from one to 10. In addition, they found three distinct 
subtypes of repeat sequence, Peking type (P), PI 88788-Fayette type (F), and Williams 82 
type (W). These subtypes each contains the same genes with characteristic sequence 
variations (i.e. different alleles). Note that F indicates the most abundant subtype in 
Fayette, which carries nine copies of F and one copy of W. While this locus is directly 
derived from PI 88788, the PI carries eight copies of F and one of W.  
The second major SCN resistance locus Rhg4 was mapped on chromosome 8 
from the soybean accessions Peking and PI 437654 (Matson and Williams 1965, Webb et 
al. 1995). The responsible gene at this locus was recently found to encode a serine 
hydroxymethyltransferase and two genetic polymorphisms were found between the 
resistant and susceptible Rhg4 alleles. These polymorphisms result in an alteration of a 
key regulatory property of the enzyme (Liu et al. 2012). A functional marker for Rhg4 
was developed to assist in the differentiation of resistance and susceptible alleles at this 
locus in soybean germplasm (Shi et al. 2015). 
Meksem et al. (2001) showed that a strong epistatic interaction occurs between 
Rhg1 and Rhg4 in the Peking background and full resistance only occurs through this 
interaction. Interactions between these two loci in the PI 437654 background were also 
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observed by Wu et al. (2009). Brucker et al. (2005) studied this interaction in a 
population segregating for resistance from a cross between PI 437654 (resistance alleles 
Rhg1 and Rhg4) and the cultivar Bell, which has resistance from PI 88788 (Rhg1-b and 
the susceptible allele rhg4). For the SCN population TN14, they found the Rhg1 allele 
conferred greater resistance than the Rhg1-b allele and Rhg4 had no detectable effect on 
resistance. In tests with the SCN population PA3, significant effects of both Rhg1 and 
Rhg4, and an interaction between the two genes were detected. The interaction showed 
that in the Rhg1 background, Rhg4 was needed to achieve full resistance while in the 
Rhg1-b background, Rhg4 was not. 
With the availability of diversity of copy number and copy types at Rhg1 in 
soybean germplasm together with genetic tools to study this diversity, there is practical 
interest in understanding the impact of these factors on SCN resistance. The objective of 
this study is to determine the effect of Rhg1 copy number, type and interactions with 
Rhg4 allele type on resistance. Brucker et al. (2005) showed that Rhg1 alleles from PI 
88788 and PI 437654 had different effects on resistance. However, it is unknown whether 
this effect is the result of differences in copy type, copy number, or both. For example, 
within a copy type it is not known whether variation in copy number impacts resistance. 
Further understanding of the impact of these factors on resistance would be beneficial for 
breeders when they develop SCN resistant cultivars. 
Material and Methods 
Plant Material 
Four populations were developed that segregate for Rhg1 and Rhg4 alleles. The 
cultivars Fayette (nine copies of F type and one copy of the W type at Rhg1 and the 
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susceptible allele at Rhg4) and LD00-2817P (three copies of P type at Rhg1 and the 
resistance allele at Rhg4) were selected as two common parents due to their good 
agronomic performance and known copy number and type (Bernard et al. 1988, Diers et 
al. 2010). The crosses were made during the summer of 2014 between these two parents 
and other selected PIs with unique Rhg1 copy number and type and Rhg4 allele type 
combinations (Table 3.1). Copy number and copy type at the SCN resistance locus Rhg1 
for the parents were determined by Lee et al. (2015) or from unpublished research in our 
lab. Four F1 plants from each cross were grown to maturity in a greenhouse to produce F2 
populations. Approximately 100 F2 plants from each cross were genotyped for the 
segregation of Rhg1 and Rhg4 alleles and evaluated for SCN reproduction.  
DNA Extraction and Genetic Analysis 
Genomic DNA from the parents of the populations and F2 plants was extracted 
from fresh leaf tissue according to the modified CTAB method described by Kim et al. 
(2012). The CTAB DNA was quantified using a NanoDrop® ND1000 Spectrophotometer 
(NanoDrop Technologies, Inc., Wilmington, DE), and diluted to 25 ng/ul for further 
genetic analysis. The parents of the populations were tested with SSR markers tightly 
linked to Rhg1 to identify polymorphic markers that can be used to track Rhg1 alleles in 
the F2 populations. The primer information for the SSR marker analysis was from Song et 
al. (2010) and the polymerase chain reaction (PCR) was performed according to Cregan 
and Quigley (1997). The PCR products were analyzed via gel electrophoresis based on 
the protocol developed by Wang et al. (2003). The allele type at Rhg4 was identified for 
parents and progenies by using KASP SNP assays according to Shi et al. (2015).  
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Soybean Cyst Nematode Greenhouse Bioassay 
The SCN bioassays were conducted in a thermo-regulated water bath system with 
greenhouse conditions as described by Niblack et al. (2009). The SCN populations used 
were obtained from Dr. Alison Colgrove, University of Illinois at Urbana-Champaign. 
Seven HG type indicator lines, the susceptible control ‘Lee 74’, and the parents of the 
population tested were replicated four times in each test. The tests were initiated by 
germinating seeds at 27°C for 2 d and packing 22 PVC tubes with steam sterilized sandy 
soil (soil/sand ratio 2:1) into plastic crocks. A single seedling was transplanted into each 
PVC tube infested with 2000 SCN eggs. The indicator lines, parents and F2 plants were 
arranged in a completely randomized design and each tube was an experimental unit. The 
water bath was kept at 27°C and plants were exposed to a 16 h day length for 30 d. Leaf 
samples were taken from the F2 plants to extract DNA for marker analysis. The cysts 
were collected by washing the roots, which were gently removed from the soil, over a 
250-µm aperture sieve. Then the cysts were counted under a stereomicroscope and the 
female index (FI) for each plant was calculated with the formula FI (%) = (number of 
female cyst on an entry) / (average number of female cyst on susceptible control Lee 74) 
× 100 (Golden et al. 1970). 
The four F2 populations were tested in three experiments. In this report, the 
populations will be identified using abbreviations of the copy number and type of the 
female and male parents (Table 3.1). For example, the abbreviation of the first population 
is F9W1xF5W1 and this means that it was a cross between Fayette, which has nine 
copies of the F repeat and one of the W repeat (F9W1), by PI 87631-1, which has five 
copies of the F repeat and one of the W repeat (F5W1). The populations F9W1xF5W1, 
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F6W1xP3 and P3xP1 were evaluated using a HG type 2.5.7 population in Test 1 (Tables 
3.2 & 3.3). The same SCN population inoculum was used in a repeated test of population 
F6W1xP3 along with population F9W1xF8W1 in Test 2. Populations F9W1xF5W1 and 
F6W1xP3 were then tested with a HG type 7 population in Test 3. 
Statistical Analysis 
Genotypic and FI data were analyzed using SAS 9.3 (SAS Institute, 2011). Single 
marker analysis was performed to test the association between alleles at Rhg1 or Rhg4 
and the FI of the tested plants. Two-factor analysis of variance was conducted to test for 
significant interactions between Rhg1 and Rhg4. The t-test procedure was applied to 
compare different genotypic categories. A Satterthwaite computation for degrees of 
freedom was used in a MIXED procedure with a REPEATED statement, when the 
assumption of constant variance was violated. Chi-square analysis was employed to 
determine if the genotypic data fitted segregation expectations in F2 populations.  
Results 
Parents of soybean populations were first screened using available genetic 
markers to identify markers closely linked to Rhg1 that segregated in populations. The 
marker Satt309, which is located approximately 90 kb from Rhg1 on the 
Glyma.Wm82.a2 assembly, was identified as polymorphic between parents of 
populations F6W1xP3 and P3xP1. Satt275, which is located approximately 410 kb from 
Rhg1, was identified as polymorphic between parents in populations F9W1xF5W1 and 
F9W1xF8W1. These markers were then used to test each F2 plant for Rhg1 copy number 
and type. The copy number and type of F2 plants was inferred from the genotype of these 
linked markers since this was less expensive than directly testing copy number and type 
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via sophisticated molecular methods (Lee et al. 2015). Genotypes at Rhg4 were 
determined using the KASP SNP marker GSM191 (Gm08: 8361148) which tests a 
functional polymorphism within the gene. Across populations, LD00-2817P was the only 
parent found to carry the resistance allele at Rhg4. Chi-square analysis of markers used 
for Rhg1 and Rhg4 genotype determination showed there was no segregation distortion 
detected in any population (Table 3.2). In all tests, SCN reproduction on the HG type 
differentials and the susceptible check Lee 74 was as expected (Table 3.3). The mean 
number of cysts on the susceptible control Lee 74 ranged from 119 to 178. The SCN 
population used in Tests 1 and 2 was confirmed as HG type 2.5.7. The population used in 
Test 3 is defined as HG type 7, and its reproduction ability suggests it is shifting to HG 
type 2.7. 
The population F9W1xF5W1 was developed from a cross between Fayette and PI 
87631-1 and the population segregates for nine versus five copies of the F repeat (plus 
one W) at Rhg1. This population was not segregating for Rhg4, as both parents were 
homozygous for the susceptible allele at this locus. Results of bioassays with the SCN 
population HG type 2.5.7 showed that those plants with the marker allele from Fayette 
for Satt309 were significantly (p<0.05) more resistant than plants with the allele from PI 
87631-1. Because of the tight linkage between Satt309 and Rhg1, this means that plants 
with 10 copies at Rhg1 were significantly more resistant than plants with six copies 
(Figure 3.1A). Plants heterozygous for copy number had an intermediate phenotype 
which was not significantly different from either homozygous group, indicating 
incomplete dominance for resistance. This population was then tested with the SCN 
population HG type 7, which has a weak capability to develop cysts on plant hosts 
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carrying Rhg1 resistance. Although fewer cysts were counted with this population 
compared to the HG type 2.5.7 population, a similar, significant effect of the copy 
number for F+W type Rhg1 repeats was observed in this experiment (Figure 3.1B).  
The population F9W1xF8W1, developed by crossing Fayette with PI 88788, 
segregates for nine versus eight copies of the F repeat (plus one W) at Rhg1. This 
population was tested with the SCN HG type 2.5.7 population and with the linked marker 
Satt275. No significant association was observed between the marker and SCN resistance 
in the population, showing that we could not detect an impact of a difference of one copy 
of Rhg1 for plants having 10 versus nine copies (Figure 3.1C). 
The population P3xP1 was developed from a cross between LD00-2817P, which 
has three copies of the P type Rhg1 repeat and has the resistance allele at Rhg4, and PI 
567421, which has one copy of the P type Rhg1 repeat but the susceptible allele at Rhg4. 
This population was tested with the SCN population HG type 2.5.7. The markers Satt309, 
linked to Rhg1, and GSM191, the KASP marker at Rhg4, were both significantly 
associated with resistance and there was no significant statistical interaction between the 
effects of Rhg1 and Rhg4 (Figures 3.2A, 3.2B and 3.2C). For Rhg1, plants predicted to 
have three copies at Rhg1 were significantly more resistant than those with one copy and 
the heterozygotes were intermediate (Figure 3.2A). No matter if the number of P type 
Rhg1 copies was one, two or three, plants with the resistance allele at Rhg4 were always 
significantly more resistant than plants with the susceptible allele at this locus (Figure 
3.2C). Plants homozygous for both the three copy P type Rhg1 repeat and the resistant 
Rhg4 allele showed the greatest resistance to the SCN HG type 2.5.7 population. The 
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copy number effect of P type Rhg1 repeats was additive in both the presence and absence 
of the resistance allele at Rhg4. 
The population F6W1xP3 was developed from a cross between LD00-2817P and 
‘Cloud’ (PI 548316), which has six copies of the F type Rhg1 repeat plus one W type 
repeat and the susceptible allele at Rhg4. This population was evaluated in both Tests 1 
and 2 using SCN HG type 2.5.7 and data were combined across tests for analysis. The 
marker linked to Rhg1 and the functional marker at Rhg4 were both significantly 
associated with SCN resistance and there was a significant statistical interaction between 
the effects of two loci (Figures 3.3A, 3.3B and 3.3C). In this background, the three-copy 
P type Rhg1 gave significantly greater resistance than the six-copy F plus one-copy W 
type (Figure 3.3A). Plants homozygous for the resistance allele at Rhg4 were 
significantly more resistant than those heterozygous or homozygous for the susceptible 
allele (Figure 3.3B). Those plants homozygous for the three-copy P type Rhg1 and the 
Rhg4 resistance allele were the most resistant, while plants heterozygous for copy type 
without Rhg4 gave the lowest SCN resistance (Figure 3.3C). For plants homozygous for 
the P type Rhg1 repeat, adding the resistance allele at Rhg4 significantly increased 
resistance. However, the Rhg4 resistance allele did not significantly impact resistance in 
the F+W background for Rhg1. In the absence of the resistance allele at Rhg4, there was 
no significant difference between resistance conferred by P type and F+W type Rhg1 
repeats. 
The population F6W1xP3 was then evaluated using an HG type 7 SCN population. 
The overall FI in this test was lower than the tests using the SCN population HG type 
2.5.7. There was a significant effect for Rhg4 and the interaction between Rhg1 and Rhg4, 
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but no significant independent effect for Rhg1 (Figures 3.4A, 3.4B and 3.4C). Plants 
homozygous for P type Rhg1 repeats and the resistance allele at Rhg4 were the most 
resistant (Figure 3.4C). Similar to the results from bioassay using the SCN population 
HG type 2.5.7, Rhg4 only impacted resistance in the P type repeat background and not in 
the F+W repeat background. In the absence of the Rhg4 resistance allele, F+W type Rhg1 
repeats provided significantly greater resistance to the SCN population HG type 7 than P 
type Rhg1.   
Discussion 
We used SSR and SNP marker assays to predict copy number and copy type for 
Rhg1 repeats and Rhg4 allele type. There are direct methods to determine Rhg1 copy 
number and type, such as whole genome sequencing, genomic quantitative PCR (qPCR) 
and fiber-FISH (Cook et al. 2012, Cook et al. 2014, Lee et al. 2015). However, these 
methods were relatively complex and expensive to perform over hundreds of samples 
used in the current study. Rhg1 copy number and type was predicted using the 
polymorphic markers, Satt309 and Satt275, have been widely used in the previous Rhg1 
genetic studies and for breeding selection (Chang et al. 2011, Cregan et al. 1999, Kim et 
al. 2010, Silva et al. 2007). On the GmComposite2003 map and Glyma.Wm82.a2 
assembly (http://soybase.org/sbt/; accessed 10, February, 2016), Satt275 was shown to be 
2.5 cM and 410 kb from Rhg1 and Satt309 only 0.2 cM and 90 kb. This close linkage 
between the gene and markers means that our predictions of genotypes should be highly 
accurate. The KASP SNP marker used for Rhg4 screening targets a functional 
polymorphism in the gene so this should provide exact genotypes at Rhg4 (Shi et al. 
2015).  
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 There was no significant (p<0.05) segregation distortion observed in any of our 
populations for tested markers at Rhg1 or Rhg4. Fewer plants homozygous for the Rhg1 
resistance allele from PI 437654 were observed in segregating populations developed 
from crosses between a susceptible cultivar and PI 437654 or ‘Bell’ (PI 88788 resistance) 
(Glover et al. 2004, Webb et al. 1995). In other Rhg1 resistant sources, such as PI 88788, 
Peking and PI 209332, an association between the Rhg1 resistance alleles and reduction 
of field emergence was reported by Kopisch-Obuch and Diers (2005). In a population 
segregating for Rhg1 alleles from PI 88788 and PI 437654, selection against PI 437654 
homozygotes was observed but the mechanism causing this selection was not clear 
(Brucker et al. 2005). Although we saw a slight decrease in the number of progeny with 
the PI 437654 Rhg1 allele in the P3xP1 and F6W1xP3 F2 populations, it was not 
significant. The elite agronomic performance of the PI 437654 Rhg1 donor (LD00-2817P) 
might play a role in reducing segregation distortion in our study.  
 Here we developed populations from crosses of soybean accessions with distinct 
copy number repeats at Rhg1 and found that increased copy number for a given copy type 
is associated with greater SCN resistance. The structure, sequence, methylation and 
evolutionary features of the Rhg1 locus have been studied (Cook et al. 2014, Lee et al. 
2015). However, the phenotypic impact of copy number variation at Rhg1 and allele type 
in diverse soybean germplasm was not clear. Cook et al. (2014) reported that the soybean 
cultivar Cloud (PI 548316), which contains seven copies of Rhg1, was significantly less 
resistant than other genotypes which contained nine and 10 copies from an evaluation of 
78 diverse SCN resistance sources. However, a definitive conclusion that greater Rhg1 
copy number increases SCN resistance cannot be made from these results because these 
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soybean accessions were not isogenic and could have other SCN resistance genes in their 
background (Cook et al., 2014). In the F2 populations developed in our study, the effects 
of other SCN resistance QTL in the backgrounds of our sources were averaged within 
Rhg1 and Rhg4 allele classes.  
An increase in resistance from additional copy number with F+W type Rhg1 
repeats was observed in assays using both SCN populations HG type 2.5.7 and HG type 7. 
Although the reproduction of the SCN population HG type 7 was limited, the difference 
in FI was still significant for plants with a difference of four copies of Rhg1 F type 
repeats. This significant impact of copy number was also supported by the results from 
P3xP1 with plants carrying three P type Rhg1 repeats showing greater resistance than 
plants with one repeat. However, a non-significant difference was found in F9W1xF8W1 
that was segregating for 10 and nine copies of the F+W type Rhg1 repeats. There was a 
trend of more resistance with 10 copies compared to nine and this lack of significance 
may be the result of the difficulty in detecting the small effect size due to the 10% 
difference in copy number segregating in the population. 
Copy number at Rhg1 is variable in diverse soybean germplasm and may be 
malleable through the breeding process (Cook et al. 2014, Lee et al. 2015). Increased 
SCN resistance was observed by overexpression Rhg1 genes (Cook et al. 2012) and our 
results suggested that increased transcript abundance of genes from additional copies at 
Rhg1 might lead to higher SCN resistance. However, hypermethylation, which is often 
associated with decreasing expression of duplicate gene copies, was found in SCN 
resistant soybean accessions compared to SCN susceptible germplasm (Cook et al. 2014, 
Qian et al. 2010). Such complexity should be investigated in future experiments on 
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transcription and methylation of soybean plants carrying different copy number Rhg1 
repeats to understand these molecular mechanisms in SCN resistance.  
Peking type Rhg1 repeats have a distinctive amino acid sequence for 
Glyma18g02590 compared to the F and W types (Lee et al. 2015). Although our study on 
P type Rhg1 showed the same trend as the F+W type in that higher copy number was 
associated with greater resistance, we do not know if both types of Rhg1 repeats shared 
identical mechanisms of gene regulation. Increasing F+W type or P type Rhg1 repeats 
could result in greater resistance and is a logical goal in breeding for SCN resistance. 
Increasing copy number can occur in breeding programs as Fayette (10 copies, F+W type) 
was developed from backcrossing SCN resistance from PI 88788 (nine copies, F+W type) 
into Williams 82 (single copy, W type) (Bernard et al. 1988). The Rhg1 locus is 
positioned close to the telomere of the chromosome 18, approximately 1.6 Mb from the 5’ 
end, which is a region of high recombination (Cook et al. 2012, Schmutz et al. 2010). 
Genotypes with unique alterations of the Rhg1 copy number may be identified through 
artificial crossing and selection. 
 Additive effects of the Rhg4 resistance allele was observed in the two segregating 
populations for both SCN populations, which was in agreement with a previous study on 
Rhg4 QTL (Wu et al. 2009). Altered function of the Shmt protein in one-carbon folate 
metabolism was suggested to be the key to the defensive pathway conferred by the 
resistance allele at Rhg4 (Liu et al. 2012). The functional SNP marker assay developed by 
Shi et al. (2015) could be beneficial for high throughput breeding selection for 
homozygous Rhg4 alleles. 
 78 
 
We found that Rhg1 copy type also impacted resistance. Using the SCN 
population HG type 2.5.7, we observed significantly greater resistance in plants with the 
P type (three copies) than those with the F+W type (seven copies) Rhg1 repeats in 
F6W1xP3. However, this difference is the result of the interaction of the P type allele 
with Rhg4, as plants with Rhg4 and Rhg1 P type alleles have greater resistance than 
plants with Rhg4 and Rhg1 F+W type alleles, but there was no difference between these 
Rhg1 allele types in the absence of Rhg4 in our study. For both SCN populations, the P 
type Rhg1 repeats achieved the highest resistance in the presence of Rhg4. Epistasis 
between these two loci was also reported by Brucker et al. (2005) and Meksem et al. 
(2001). Combining Rhg4 with the PI 88788 derived (F+W type) Rhg1 was once thought 
to be a new breeding target to achieve broader spectrum of SCN resistance. However, we 
achieved this combination in our crosses and the results suggest only Peking derived (P 
type) Rhg1 can benefit from the Rhg4 resistance gene to significantly increase SCN 
resistance for both SCN populations HG type 2.5.7 and HG type 7. The fact that the Rhg1 
P type benefits from Rhg4 but the Rhg1 F+W type does not provides strong evidence that 
in addition to the effect of copy number on resistance, copy type (i.e. gene sequence) also 
has a strong impact. The differences between P type and F+W type Rhg1 repeat 
sequences might be the key to understanding the interaction between these alleles. 
 In conclusion, we found that increased copy number at Rhg1 led to elevated SCN 
resistance and Rhg4 only interacted with P type Rhg1 repeats to increase resistance. Our 
study could assist soybean breeders to formulate their breeding goals for developing SCN 
resistant cultivars for different circumstances. For example, breeders could 1) increase 
the copy number of F+W type Rhg1 repeats to obtain greater resistance to defeat SCN 
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populations adapted to the PI 88788 resistance source; 2) increase the copy number of P 
type Rhg1 and combine this with the Rhg4 resistance gene to achieve the stronger 
resistance for SCN populations adapted to Peking; 3) improve the agronomic 
performance of cultivars carrying three-copy P type Rhg1 repeats and the Rhg4 resistance 
gene to broaden their popularity in the market dominated by cultivars that currently only 
carry F+W type Rhg1 repeats.
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Figures and Tables 
 
Figure 3.1 Average female index of plants in populations segregating for different copy number 
of Rhg1 F+W repeats. Female index = (number of female cyst on an entry) / (average number of 
female cyst on susceptible control Lee 74) × 100. Different letters on top of the bars indicate 
statistically significant differences at p < 0.05. Standard errors for each group are represented by 
error bars. A Results for population F9W1xF5W1, which segregates for a high copy group 
[homozygous for 10 copies, nine PI 88788-Fayette type (F) plus one Williams 82 type (W) at 
Rhg1], a heterozygous group and a low copy group (homozygous for six copies, five F type plus 
one W), using the SCN isolate HG type 2.5.7. B Results for population F9W1xF5W1 using SCN 
isolate HG type 7. C Results for population F9W1xF8W1, which segregates for a high copy 
group (homozygous for 10 copies, nine F type plus one W), a heterozygous group and a low copy 
group (homozygous for nine copies, eight F type plus one W), using SCN isolate HG type 2.5.7. 
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Figure 3.2 Average female index of plants in population P3xP1, which segregates at Rhg1 and 
Rhg4, using the SCN isolate HG type 2.5.7. Female index = (number of female cyst on an entry) / 
(average number of female cyst on susceptible control Lee 74) × 100. Different letters on top of 
the bars indicate statistically significant differences at p < 0.05. Standard errors for each group are 
represented by error bars. A Results for plants homozygous for three copies of Peking type (P3), 
heterozygous (H), and homozygous for one copy Peking type (P1) at Rhg1. B Results for plants 
homozygous for the resistance allele (R), heterozygous (H) and homozygous for the susceptible 
allele (S) at Rhg4. C Results for plants carrying different combinations of Rhg1 and Rhg4 alleles. 
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Figure 3.3 Average female index of plants in population F6W1xP3, which segregates at Rhg1 
and Rhg4, using the SCN isolate HG type 2.5.7. Female index = (number of female cyst on an 
entry) / (average number of female cyst on susceptible control Lee 74) × 100. Different letters on 
top of the bars indicate statistically significant differences at p < 0.05. Standard errors for each 
group are represented by error bars. A Results for plants homozygous for three Peking type 
copies (P), heterozygous (H), and homozygous for six PI 88788-Fayette type copies plus one 
Williams 82 type copy (F+W) at Rhg1. B Results for plants homozygous for the resistance allele 
(R), heterozygous (H), and homozygous for the susceptible allele (S) at Rhg4. C Results for 
plants carrying different combinations of Rhg1 and Rhg4 alleles.   
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Figure 3.4 Average female index of plants in population F6W1xP3, which segregates at Rhg1 
and Rhg4, using the SCN isolate HG type 7. Female index = (number of female cyst on an entry) 
/ (average number of female cyst on susceptible control Lee 74) × 100. Different letters on top of 
the bars indicate statistically significant difference at p < 0.05. Standard errors for each group are 
represented by error bars. A Results for plants homozygous for three Peking type copies (P), 
heterozygous (H), and homozygous for six PI 88788-Fayette type copies plus one Williams 82 
type copy (F+W) at Rhg1. B Results for plants homozygous for the resistance allele (R), 
heterozygous (H) and homozygous for the susceptible allele (S) at Rhg4. C Results for plants 
carrying different combinations of Rhg1 and Rhg4 alleles. 
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Table 3.1 The copy number and copy type of Rhg1 repeats and allele type of Rhg4 for parents used in population development 
Population ID Female Rhg1
 
Rhg4b  Male Rhg1 Rhg4 Copy Number Copy Typea  Copy Number Copy Type 
F9W1xF5W1 Fayette 10 F+W S x PI 87631-1 6 F+W S 
F9W1xF8W1 Fayette 10 F+W S x PI 88788 9 F+W S 
P3xP1 LD00-2817 3 P R x PI 567421 1 P S 
F6W1xP3 PI 548316 7 F+W S x LD00-2817 3 P R 
a The Rhg1 copy type of F, P, and W represents PI 88788-Fayette type, Peking type, and Williams 82 type, respectively. 
b The allele types of the Rhg4 locus were marked with ‘S’ for susceptible and ‘R’ for resistant.  
    
 
 
 
 
Table 3.2 The F2 population sizes and the results of Chi-square segregation tests for Rhg1 and Rhg4  
Test Population ID Population size 1:2:1 Ratio Chi-Square test 
Rhg1 marker p-value Rhg4 marker p-value 
1 F9W1xF5W1 95 Satt275 0.089 -a - 
1 P3xP1 94 Satt309 0.065 GSM191 0.460 
1 F6W1xP3 96 Satt309 0.071 GSM191 0.271 
2 F9W1xF8W1 96 Satt275 0.492 - - 
2 F6W1xP3 96 Satt309 0.124 GSM191 0.245 
3 F9W1xF5W1 82 Satt275 0.207 - - 
3 F6W1xP3 95 Satt309 0.944 GSM191 0.126 
a For populations not segregating for Rhg4 alleles, marker assay and segregation analysis was not applied. 
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Table 3.3 Heterodera glycines (HG) type test results for SCN isolates used in bioassays  
Test Cyst Number on Lee 74 Female Index
a HG Type Peking PI 88788 PI 90763 PI 437654 PI 209332 PI 89722 PI 548316 
1 133 1 29 0 0 30 0 27 2.5.7 
2 119 0 24 0 0 22 0 35 2.5.7 
3 178 0 9 0 0 0 0 10 7 
a Female Index = (number of female cyst on the indicator line) / (average number of female cyst on susceptible control Lee 74) × 100
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Chapter 4 
Fine Mapping of the SCN Resistance QTL cqSCN-006 and cqSCN-007 from 
Glycine soja PI 468916 
 
Introduction 
Soybean cyst nematode (Heterodera glycines Ichinohe) (SCN) is the most economically 
damaging soybean disease in the United States (Koenning and Wrather 2010). The estimated 
average annual soybean yield loss due to SCN in the USA is approximately 3.1 million metric 
tons from 2009 to 2011 (Bradely and Koenning 2014). In the 2016 survey of the top eight 
soybean production countries in the world, the USA and China were estimated to suffer over 91% 
of the 7.2 million tons total yield loss caused by SCN (Wrather et al. 2010). H. glycines is an 
obligate endoparastic pathogen, which attacks soybean roots at the J2 stage. Infection is followed 
by syncytium formation and sexual reproduction, and the life cycle is completed with egg 
production and cyst release. Rotation to non-host crops and the production of SCN resistant 
cultivars are by far the most efficient ways to reduce both yield losses and H. glycines population 
densities (Niblack et al. 2006). 
 Mapping SCN resistance QTL is critical in the development of resistant soybean cultivars. 
Rhg1, which was also given the confirmed QTL designation cqSCN-001 by the Soybean 
Genetics Committee (http://soybase.org/sbt/; accessed 20, February, 2016), was mapped on 
chromosome (chr) 18 and is the most important and frequently mapped SCN resistance QTL. 
This QTL was mapped from numerous SCN resistance sources such as PI 88788, PI 437654 and 
‘Peking’ (Concibido et al. 1994, Webb et al. 1995, Concibido et al. 1997, Meksem et al. 2001, 
Yue et al. 2001, Glover et al. 2004, Guo et al. 2006, Jiao et al. 2015). The second most important 
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QTL is cqSCN-002 (Rhg4), which was mapped onto chr 8 from a number of SCN resistance 
sources including PI 437654, Peking and PI 404198A (Concibido et al. 1994, Webb et al. 1995, 
Mahalingam and Shorupska 1995, Meksem et al. 2001, Guo et al. 2005, Guo et al. 2006). The 
confirmed QTL cqSCN-003 was mapped onto chr 16 from PI 90763 (Concibido et al. 1997), PI 
209332 (Concibido et al. 1996), and PI 88788 (Glover et al. 2004). The confirmed QTL cqSCN-
005 was mapped on chr 17 from the SCN resistance cultivar Hartwig (Kazi et al. 2010).  
 Although there are many SCN resistance sources identified and numerous resistance QTL 
mapped that could be used to facilitate breeding SCN resistant soybean cultivars, the majority of 
the commercially available SCN resistant cultivars have their resistance derived from PI 88788 
(Tylka and Mullaney 2013). This wide use of the PI 88788 resistance source has resulted in the 
selection of field SCN populations which can overcome this resistance. For example, Niblack et 
al. (2008) found that 70% of the SCN positive samples from Illinois contained nematodes which 
had adapted to PI 88788 resistance. Developing soybean varieties with resistance genes or QTL 
from different SCN resistance sources is necessary to provide a long term solution for efficient 
SCN management.    
Glycine soja, the wild ancestor of domesticated soybean, has the potential for being a 
novel source of genes for improving soybean traits. SCN resistance QTL from G. soja have been 
mapped by Wang et al. (2001) from PI 468916 and Winter et al. (2007) from PI 464925B. Two 
significant QTL with resistance alleles from PI 468916 were identified by Wang et al. (2001): 
the QTL cqSCN-006 on chr 15 that explained 23% of the variation for SCN resistance and 
cqSCN-007 on chr 18 that explained 27% of the variation. These two QTL were then confirmed 
and their positions were refined to a 13.2 cM interval on chr 15 and a 18.5 cM interval on chr 18 
in backcross populations (Kabelka et al. 2005). Although reduced yield was reported to be 
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associated with SCN resistance QTL cqSCN-001 and cqSNC-003 in fields with low disease 
pressure (Kopisch-Obuch et al. (2005), the G. soja SCN resistance QTL cqSCN-006 and cqSCN-
007 either had no effect or a positive effect on yield in multiple environments with low to high 
SCN infestation levels (Kabelka et al. 2006). When pyramiding these two G. soja SCN 
resistance QTL with the resistance allele rhg1-b (cqSCN-001) from PI 88788, the G. soja 
resistance alleles significantly increased SCN resistance (Kim et al. 2011). In short, the SCN 
resistance QTL cqSCN-006 and cqSCN-007 from PI 468916 are not only novel resistance QTL 
but also enhance the resistance conferred by the widely used SCN resistant allele rhg1-b.  
To identify markers tightly linked to the G. soja QTL that could be used in marker-
assisted selection, both QTL were fine mapped by Kim and Diers (2013). They mapped cqSCN-
006 to a 803.4 kb interval between simple sequence repeat (SSR) markers 
BARCSOYSSR_15_886 and BARCSOYSSR_15_903 on chr 15, and cqSCN-007 to a 146.5 kb 
interval between SSR markers BARCSOYSSR_18_1669 and BARCSOYSSR_18_1675 on chr 
18 (Kim and Diers 2013). In that study, cqSCN-006 was shown to have completely dominant 
gene action and cqSCN-007 additive gene action.    
To better utilize the novel SCN resistance source PI 468916, the soybean breeding 
community needs genetic markers more closely linked to the resistance QTL to improve 
selection efficiency. In addition, to understand the molecular mechanisms of the genes that 
underlie these QTL, they need to be cloned and this effort would benefit from narrowing the 
genetic intervals where the QTL map. Both the high density soybean SNP array and locus 
specific BARCSOYSSR markers provide abundant resources to saturate the QTL region (Song 
et al. 2010, Song et al. 2013). The objective of this study was to further fine map these two SCN 
resistance QTL from G. soja PI 468916. 
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Material and Methods 
Plant Material 
The populations used to fine map the QTL were developed from a cross between the 
cultivar LD00-2817P (Diers et al. 2010) and the germplasm line LDX01-1-65 (Diers et al. 2005). 
The populations were derived from the same germplasm used by Kim and Diers (2013). LD00-
2817P is a high yielding cultivar with SCN resistance from PI 437654 and is known to carry 
resistance alleles at Rhg1 (cqSCN-001) and Rhg4 (cqSCN-002) (Kim et al. 2011). LDX01-1-65 
was developed through four backcrosses using PI 468916 as a donor parent and the experimental 
line A81-356022 as a recurrent parent. LDX01-1-65 has the G. soja SCN resistance QTL 
cqSCN-006 and cqSCN-007. The progeny of the cross between LD00-2817P and LDX01-1-65 
were advanced through single seed descent to produce an F3 population. F3 plants which were 
heterozygous for only cqSCN-006 or cqSCN-007 but fixed for the susceptible allele at the rest of 
SCN resistance QTL were selected based on genetic marker results (Kim and Diers 2013). F3:4 
lines developed from the selected F3 plants were grown and F5 seeds were harvested from each 
line in bulk to develop F5 populations. F6 populations were then derived from individually 
selected F5 recombinant plants that were used in the fine mapping described by Kim and Diers 
(2013). Markers flanking the cqSCN-006 interval defined by Kim and Diers (2013) were used to 
identify F6 plants that were heterozygous in the target region. The F7 progeny of the F6 plants 
07Hill1007-44-2, 07Hill1007-10-2, 07Hill1007-10-3, and 07Hill1007-10-6 were then screened 
with markers and plants with recombination in the cqSCN-006 interval were identified. F7 plants 
heterozygous across the QTL interval were also identified and F8 progeny from these 
heterozygotes were screened with the flanking markers to identify additional recombinants. 
Following a similar process, the F6 progeny of the F5 plants 07Hill-986-14, 07Hill-986-38, 
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07Hill-986-75 and 07Hill-986-76, which were heterozygous across the cqSCN-007 interval, were 
screened with markers to identify plants with recombination in this interval. The F6, F7, and F8 
plants were grown for recombinant screening using the procedure described by Yu et al. (2015) 
and selected recombinant plants were grown to maturity.  
DNA Extraction and Genetic Marker Analysis 
In this study, three DNA extraction methods were adapted and utilized for different 
marker analysis purposes. DNA tested with SSR or TaqMan® markers flanking the QTL intervals 
in the initial identification of recombinants was extracted from fresh leaf tissue according to the 
quick extraction method described by Bell-Johnson et al. (1998). A high throughput extraction 
method developed in the Soybean Genomics and Improvement Lab (Beltsville, MD) was slightly 
modified for use in recombinants screening with other TaqMan® SNP assays. In this method, 
freeze dried leaf tissue was crushed by metal beads in 96-well 2 mL deep well plates with a paint 
shaker for 2 min followed by 1 min centrifugation at 3220 g. Eight hundred uL of extraction 
buffer (250 mM NaCl, 200 Mm Tris pH 8.0, 25 mM EDTA pH 8.0, 0.5% [w/v] SDS) was then 
added to each well, the samples were incubated for 90 min at 65 °C, and the plates were 
centrifuged at 3220 g for 30 min. Four hundred uL of supernatant from each sample was 
transferred into new plates with wells previously filled with 400 uL isopropanol and 40 uL 3 M 
sodium acetate (pH 5.2). The plates were stored at -80 °C for 15 min, centrifuged for 15 min at 
3220 g, the liquid was removed and precipitated DNA was washed with 400 uL cold 70% 
ethanol and then dried under flow-hood for one hour. The dried pellets were dissolved in 400 uL 
distilled deionized water for 2 h and centrifuged at 3220 g for 15 min. The aqueous DNA phase 
was kept for further SNP analysis. The CTAB method described by Kim et al. (2011) was used 
for extracting DNA from selected recombinant plants analyzed with KASP SNP markers.   
 95 
 
The primer information for the SSR marker analysis was available from Song et al. (2010) 
and polymerase chain reactions (PCR) were performed according to Cregan and Quigley (1997). 
The PCR products were analyzed via gel electrophoresis based on the protocol developed by 
Wang et al. (2003). In addition, the parental lines LD00-2817P and PI 468916 used in the 
population development were included in the genotyping of soybean germplasm with the 52K 
Infinium SNP array (Song et al. 2013). Polymorphic SNP markers identified from the array were 
selected to develop TaqMan® assays to screen for recombinants and KASP assays to saturate the 
targeted intervals with markers.  
Soybean Cyst Nematode Greenhouse Bioassay 
The SCN bioassays were conducted as described by Niblack et al. (2009). The SCN 
population used in tests was collected from Illinois in 2005 and maintained by Dr. Alison 
Colgrove, University of Illinois at Urbana-Champaign. Seven HG-type indicator lines, the 
susceptible control ‘Lee 74’, and parents were replicated four times in each test. The tests were 
initiated by germinating seeds at 27°C for 3 d and packing 22 PVC tubes with steam sterilized 
sandy soil (soil/sand ratio 2:1) into plastic crocks. The seedlings were transplanted into each 
PVC tube which had been infested with approximately 2000 SCN eggs. The indicator lines and 
the progeny of selected plants were randomized in the tests and each tube was considered as an 
experimental unit. The roots were kept in a 27°C by submerging the lower three quarters of the 
crocks in a water bath maintained at this temperature. Plants were provided with the appropriate 
amount of water and a 16 h day length. Leaf samples were taken from each progeny plant to 
extract DNA for marker analysis. After 30 d of growth, each plant was phenotyped for resistance 
by gently removing the plant roots from the soil and washing the cysts that developed onto a 
250-µm aperture sieve. The cysts were then counted under a stereomicroscope and a female 
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index (FI) was calculated with the formula FI (%) = (number of female cyst on an entry) / 
(average number of female cyst on susceptible control Lee 74) × 100 (Golden et al. 1970). 
Statistical Analysis 
A single factor analysis of variance was performed in PROC GLM of SAS 9.3 (SAS 
Institute, 2011) to test the association between marker genotypic results and the FI of the 
progeny from selected recombinant plants. 
Results 
The SCN population used in our tests was confirmed as a HG type 2.5.7, which is 
consistent with the HG type of the population used in previous genetic mapping studies focused 
on these two SCN resistance QTL (Kim and Diers 2013). The cyst count on the susceptible 
control Lee 74 varied from 138 to 221 across the four SCN tests (Table 4.1). The progeny 
evaluations for fine mapping cqSCN-006 were performed in Tests 1 and 2, and the evaluations 
for cqSCN-007 were in Tests 3 and 4.  
Fine Mapping of cqSCN-006  
The recombinant screening was initiated by testing all 1,248 available F7 progeny plants 
from 07Hill1007-44-2, 07Hill1007-10-2, 07Hill1007-10-3, and 07Hill1007-10-6 with SSR 
markers BARCSOYSSR_15_886 and BARCSOYSSR_15_908, which flank the cqSCN-006 
interval as mapped in Kim and Diers (2013). From this screening, 10 F7 recombinant plants and 
10 plants which were heterozygous across this interval were selected and grown to maturity. 
From 1,054 F8 progeny plants derived from these 10 heterozygous parents, another nine 
recombinants were selected using the same cqSCN-006 flanking SSR markers. Three SSR 
markers and seven SNP markers were then used to map the positions of the crossover events in 
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each selected recombinant plant (Table 4.2). The 19 plants had crossovers mapping to four sites 
within the 983.3 kb interval between the flanking markers. 
The progeny from the selected F7 and F8 recombinant plants were then tested for 
resistance to H. glycines in Tests 1 and 2 (Table 4.3). The upper position of cqSCN-006 shown in 
Table 4.2 was determined by 07Hill1007-10-6-9E10 and 07Hill1007-10-2-7E1. The first plant 
was homozygous susceptible at Gm15_20426970_T_G and markers below it and segregating for 
markers above it. In the test of progeny from this recombinant plant, there was no significant 
association between SCN resistance and segregation of the marker Satt491. For the recombinant 
plant 07Hill1007-10-2-7E1, the SNP marker Gm15_20426970_T_G and markers above it were 
fixed for the susceptible allele, while it was segregating for alleles at Gm15_202452272_C_T 
and markers below it. A significant (p<0.05) association between SCN resistance and the 
segregation of the marker Satt268 was observed in the progeny test of this line. These results 
indicate that cqSCN-006 is below Gm15_20426970_T_G.  
The lower limit of cqSCN-006 was defined through the testing of recombinant plants 
07Hill1007-10-6-8D8, 07Hill1007-44-2-C4 and 07Hill1007-44-2-B4. A recombination 
breakpoint was identified between Gm15_21008020_G_A and Gm15_21151124_A_G in 
07Hill1007-10-6-8D8. A significant association between the segregation of Satt491 and SCN 
response in the progeny test of this recombinant showed that the QTL was above 
Gm15_21151124_A_G. Crossover sites between BARCSOYSSR_15_891 and 
Gm_15_20930275_T_C were found in 07Hill-44-2-C4 and 07Hill1007-44-2-B4. Both plants 
were homozygous resistant at BARCSOYSSR_15_891 and markers above it. No significant 
association was found in the progeny test for either plant. The results supported that the lower 
limits of cqSCN-006 was Gm_15_20930275_T_C.  
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According to the gene models Glyma.Wm82.a2.v1, there were six high confidence 
candidate genes within the 212.1 kb interval cqSCN-006 is fine mapped on the Williams 82 
reference genome, and three of them have predicted functions (Table 4.4). One gene is predicted 
to encode gamma soluble N-ethylmaleimide–sensitive factor attachment protein (γ-SNAP), 
which is required for fusion of vesicles in vesicular transport. The other two are predicted to be 
related to BED-type zinc finger genes that have products associated with DNA binding.  
Fine Mapping of cqSCN-007 
The fine mapping of cqSCN-007 was performed following the similar procedure as 
described for cqSCN-006. A total of 1,586 plants were tested with the SNP markers 
Gm18_57454977_G_A and Gm18_57838191_G_T to identify recombinants. Through the 
marker analysis of the 12 selected recombinants using four SSR markers and two KASP SNP 
markers, three recombination sites were identified within the 146.4 kb interval the gene was 
previously mapped (Table 4.5).  
Bioassays of progeny from the newly identified recombinants narrowed the interval 
containing cqSCN-007 to 103.2 kb between BARCSOYSSR_18_1669 and 
Gm18_57594158_A_G (Table 4.5). The upper position was determined by the results of progeny 
tests of the recombinant plant 07Hill-986-38-1G4. No significant association was found between 
the segregation of the marker Gm18_57454977_G_A and the SCN resistance, indicating that the 
QTL was below BARCSOYSSR_18_1669 (Table 4.6). The lower position was defined by the 
results from tests of 07Hill-986-38-N2-A6, 07Hill-986-38-N4-B8 and 07Hill-986-38-1H1. The 
line 07Hill-986-38-1H1 segregated for the region between BARCSOYSSR_18-1674 and 
Gm18_57454977_G_A and was fixed with the susceptible allele for BARCSOYSSR_18_1675 
and markers below it. There was a significant association observed between 
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Gm18_57454977_G_A and resistance, suggesting cqSCN-007 was above 
BARCSOYSSR_18_1675. For the test of 07Hill-986-38-N2-A6, no significant association was 
observed between SCN resistance and the segregation of Gm18_57838191_G_T, which showed 
that cqSCN-007 was above Gm18_57594158_A_G. This result was supported by the test of 
07Hill-986-38-N4-B8, where a significant association was observed between the segregation of 
Gm18_57454977_G_A and SCN resistance. Seven high confidence candidate genes with 
predicted function in the fine mapped cqSCN-007 region were found using the genome 
annotation browser based on Glyma.Wm82.a2 (Table 4.7). 
Discussion 
The SCN resistance QTL cqSCN-006 and a cqSCN-007 from G. soja PI 468916 were fine 
mapped to a 212.1kb interval on chr 15 and a 103.2 kb interval on chr 18, respectively. 
Compared to the previous study by Kim and Diers (2013), we reduced the size of these QTL 
intervals by 74% for cqSCN-006 and 30% for cqSCN-007. Based on Kim and Diers (2013) and 
now our study, the locations of the two QTL have been narrowed from large chromosome 
segments of over 13 cM to small intervals which contain fewer than eight predicted functional 
genes. The fine mapping effort was greatly assisted by the availability of the soybean genome 
sequence, predicted candidate BARCSOYSSR markers and high density soybean genotyping 
SNP array data (Schmutz et al. 2010, Song et al. 2010, Song et al. 2013). Abundant genetic 
markers close to these two SCN resistance QTL enabled precise identification of recombination 
sites which were necessary to perform fine mapping. TaqMan® assays of polymorphic SNP 
markers that flank the QTL provided a fast screening option on DNA obtained through the high 
throughput extraction method as we described, which increased the efficiency of screening large 
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populations to identify rare recombinants in the QTL intervals. All physical positions of markers 
used in this study were aligned to the most recent soybean genome assembly (Glyma.Wm82.a2). 
 In the previous fine mapping study of cqSCN-006 by Kim and Diers (2013), the QTL was 
positioned to two contradictory intervals within the 804.6 kb region between 
BARCSOYSSR_15_886 and BARCSOYSSR_15_903. (They listed the distance as 803.4 kb 
because they used Glyma.Wm82.a1 assembly to position markers, while we are using the newer 
Glyma.Wm82.a2 assembly). They had one recombinant that placed the QTL above 
BARCSOYSSR_15_891, resulting in the placement of the QTL between 
BARCSOYSSR_15_886 and BARCSOYSSR_15_891. This placement above 
BARCSOYSSR_15_891 was contradicted by two recombinants and placed the QTL below this 
interval. One recombinant placed the QTL below BARCSOYSSR_15_891 and the other below 
BARCSOYSSR_15_900. The authors believed that the genetic evidence provided the most 
support for positioning the QTL below BARCSOYSSR_15_900. However, our progeny tests of 
the plants 07Hill1007-44-2-C4 and 07Hill1007-44-2-B4 contradicted the mapping of the QTL 
below BARCSOYSSR_15_900 as we placed the QTL above Gm15_20639275_T_C.  
We identified 19 plants with recombination in the interval between 
BARCSOYSSR_15_886 and BARCSOYSSR_15_903 from the screening of 2,302 plants in 
different F6 and F7 populations. This interval was estimated to be between 76 cM and 77 cM on 
chr 15 using GmConsensus map 4.0 (http://soybase.org/sbt/; accessed 20, February, 2016), 
which is close to our observed recombination frequency. Kim and Diers (2013) found the gene 
action for cqSCN-006 to be completely dominant from their analysis across 13 lines that showed 
significant segregation for this QTL (Kim and Diers 2013). Additive gene action was observed in 
our study with a mean FI of 34 for plants homozygous for the resistance allele at cqSCN-006, the 
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mean FI of the heterozygous plants was 47, and the mean FI of the homozygous susceptible 
plants was 63. The inconsistency between the studies may be the result of the much smaller 
sample size in the current study compared to Kim and Diers (2013).    
We fine mapped cqSCN-007 to within a 103.2 kb interval on chr 18 between 
BARCSOYSSR_18_1669 and Gm18_57594158_A_G. The upper position of the interval was 
consistent with the findings of Kim and Diers (2013) while the lower position was moved up to 
Gm18_57594158_A_G. Based on GmConsensus map 4.0, the cqSCN-007 interval is estimated 
to be between 80 cM and 81 cM on chr 18 (http://soybase.org/sbt/; accessed 20, February, 2016). 
We identified 12 recombinants from the screening of 1,586 plants and this recombination 
frequency is in agreement with the size of this interval on the genetic map. Additive gene action 
for cqSCN-007 was reported by Kim and Diers (2013), and our results are consistent with this 
conclusion. From the analysis of two lines that had significant segregation for this QTL, the 
mean FI of the homozygous resistant plants was 40, the mean FI of heterozygous plants was 50, 
and 61 for homozygous susceptible plants. Kim and Diers (2013) reported that the additive effect 
of cqSCN-007 was almost twice the additive effect of cq-SCN006, however, we observed a larger 
additive effect for cqSCN-006 than cqSCN-007, although the population in both studies were 
from the same original source (Kim and Diers 2013). This difference could also be the result of 
the smaller population size that we used to estimate our effects compared to Kim and Diers 
(2013). Alternatively, this discrepancy could be due to differences in the SCN populations used 
in the two studies as gene action and additive effect size can be impacted by the SCN population 
(Brucker et al. 2005).   
Within the fine mapped cqSCN-006 interval, two BED-zinc finger related genes and one 
SNAP gene were identified as candidate genes. The zinc finger domains are widely present in the 
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nucleotide binding site - leucine rich repeats (NBS-LRR) class of proteins, which are found in 
many disease resistance genes (R genes) in plants (Gupta et al. 2012, McHale et al. 2006). R 
genes Rx2 and Gpa2/Rx1 in potato and Mla1 genes in barley were found to contain a BED-zinc 
finger domain (Gupta et al. 2012). The SNAP gene is an especially interesting candidate because 
Glyma18g02590, which encodes a predicted α-SNAP protein, was confirmed to mediate SCN 
resistance along with another two genes by copy number variation at the Rhg1 locus (Cook et al. 
2012). The SNAP candidate gene (Glyma15g191200) in the cqSCN-006 interval is predicted to 
encode a γ-SNAP protein which has a similar function as α-SNAP proteins. Both SNAP proteins 
function in diverse vesicular transport events and γ-SNAP is approximately 25% identical in 
amino acids to the structurally related α-SNAP (Whiteheart et al. 1993). These protein 
transporters might inhibit the transmission of SCN effector proteins to confer resistance to 
feeding cell development in host roots.   
There was no direct link between the predicted candidate genes with known function in 
the fine mapped interval of cqSCN-007 and currently known SCN resistance genes. However, 
many of these genes were predicted to be important regulators in diverse signaling pathways, 
such as transcription, euchromatin expression, and membrane receptor detection, any of which 
could be the potential mechanisms for this novel SCN resistance QTL. These predicted candidate 
genes are based on the susceptible Williams 82 genome sequence and more obvious gene 
candidates may be found when the genome sequence from the resistance source becomes 
available.  
In summary, we further narrowed cqSCN-006 and cqSCN-007 to 212.1 kb and 103.2 kb 
intervals which contain approximately 10 predicted genes based upon the reference genome 
sequence from Williams 82. Additional SNP markers closely linked to the QTL were identified, 
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which will greatly facilitate the stable introduction of these novel SCN resistance alleles from G. 
soja into soybean cultivars. This should provide an alternative or give an additional increase to 
resistance from PI 88788, which is being defeated by shifting SCN populations. The connection 
between the predicted genes presented in our fine mapped interval and known SCN resistance 
genes could assist future molecular cloning experiments to understand the defense reaction of 
these novel SCN resistance alleles.
 104 
 
Tables 
Table 4.1 Heterodera glycines (HG)-type test results for SCN population used in bioassays  
Test Cyst Number on Lee 74 
Female Indexa 
HG Type 
Peking PI 88788 PI 90763 PI 437654 PI 209332 PI 89722 PI 548316 
1 221 1 35 0 0 39 1 48 2.5.7 
2 138 0 24 0 0 22 0 35 2.5.7 
3 186 1 31 0 0 32 0 42 2.5.7 
4 141 2 67 0 1 31 0 54 2.5.7 
a Female Index = (number of female cyst on the indicator line) / (average number of female cyst on susceptible control Lee 74) × 100 
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Table 4.2 Genetic markers, positions, and genotypes of selected recombinant plants that were progeny tested for segregation of 
resistance to soybean cyst nematode (SCN). Highlighted in bold is the interval where cqSCN-006 maps. 
Marker 
Position on 
Chr.15 
(bp) a 
Selected Plants 
07Hill1007-10-6-9E10 07Hill1007-10-2-7E1 07Hill1007-44-2-C4 07Hill1007-44-2-B4 07Hill1007-10-6-8D8 
Satt491 19,721,099   H b S R R H 
BARCSOYSSR_15_886 20,441,028 H S R R H 
          c     
Gm15_20426970_T_G 20,483,171 S S R R H 
       
Gm15_20452272_C_T 20,508,473 S H R R H 
BARCSOYSSR_15_891 20,561,258 S H R R H 
       
Gm15_20639275_T_C 
Gm15_20686800_C_T 
20,695,319 
20,742,844 
S 
S 
H 
H 
H 
H 
H 
H 
H 
H 
Gm15_20821899_G_T 20,877,937 S H H H H 
BARCSOYSSR_15_900 20,993,600 S H H H H 
Gm15_21008020_G_A 21,065,480 S H H H H 
       
Gm15_21151124_A_G 21,208,519 S H H H S 
BARCSOYSSR_15_903 21,245,619 S H H H S 
BARCSOYSSR_15_908 21,424,336 S H H H S 
Satt268 22,969,148 S H H H S 
Recombination site d  1 2 3 3 4 
Progeny segregation e  F S F F S 
a The corresponding chromosome positions for SSR and SNP markers on the Glyma.Wm82.a2 assembly are from soybase.org. 
b Based on the genotyping results, R designates that the selected recombinant plant was homozygous for the marker allele originating from the 
resistant parent PI 468916, S designates the plant was homozygous for the allele from the susceptible parent LD00-2817P, and H designates that 
the plant was heterozygous. 
c The arrows point in the direction that cqSCN-006 is located based on progeny tests. 
d Numerical identification of the point of recombination near cqSCN-006. 
e SCN bioassay progeny test results for the selected recombinant plants. The progeny were found to be either segregating (S) or fixed (F) at the 
cqSCN-006 based on the F-test results shown on Table 4.3. 
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Table 4.3 Genetic marker and soybean cyst nematode (SCN) bioassay results for progeny of selected recombinant plants used to fine 
map cqSCN-006 
Selected plant Recombination 
Site b 
Number of 
tested plants c 
Marker used in 
the F test 
Female index a P value d R2 e 
R H S 
07Hill1007-10-6-9E10 1 38 Satt491 44 45 51 0.828 0.01 
07Hill1007-10-2-7E1 2 40 Satt268 34 42 64 0.010 0.41 
07Hill1007-44-2-C4 3 37 Satt268 57 39 49 0.145 0.13 
07Hill1007-44-2-B4 3 40 Satt268 51 46 50 0.465 0.04 
07Hill1007-10-6-8D8 4 37 Satt491 24 51 61 0.017 0.30 
a Mean female index of the plants which were predicted to be homozygous resistant (R), heterozygous (H) or homozygous susceptible (S) for 
alleles at cqSCN-006 based on the genotyping results using the linked markers Satt491 or Satt268.   
b Recombination site as shown in Table 4.2. 
c Number of progeny of selected recombinant plants tested in the SCN bioassay. 
d Significance level of the single factor association test. 
e R2 value of the marker association. 
 
 
 
 
 
 
 
 
Table 4.4 Potential candidate genes in the identified region of cqSCN-006   
Gene name Gene domain A. thaliana homolog Protein family Protein general function 
Glyma15g191200 Soluble NSF attachment protein AT4G20410.1 PF14938 Protein movement 
Glyma15g191300 BED-zinc finger related AT5G17680.1 PF02892 DNA binding 
Glyma15g191400 BED-zinc finger related AT5G17680.1 PF05699 DNA binding 
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Table 4.5 Genetic markers, positions, and genotypes of selected recombinant plants that were progeny tested for segregation of 
resistance to soybean cyst nematode (SCN). Highlighted in bold is the interval where cqSCN-007 maps. 
Marker 
Position on 
Chr.18 
(bp) a 
Selected Plants 
07Hill-986-38-1G4 07Hill-986-38-N2-A6 07Hill-986-38-N4-B8 07Hill-986-38-1H1 
Gm18_57454977_G_A 53,185,492   H b R H H 
BARCSOYSSR_18_1669 53,221,056 H R H H 
  c    
BARCSOYSSR_18_1670 53,236,099 S R H H 
Gm18_57573073_C_T 53,303,221 S R H H 
      
Gm18_57594158_A_G 53,324,305 S H R H 
BARCSOYSSR_18_1674 53,335,495 S H R H 
      
BARCSOYSSR_18_1675 53,367,456 S H R S 
Gm18_57838191_G_T 53,568,342 S H R S 
Recombination site d  1 2 2 3 
Progeny segregation e  F F S S 
a The corresponding chromosome positions for SSR and SNP markers on the Glyma.Wm82.a2 assembly are from soybase.org. 
b Based on the genotyping results, R designates that the selected recombinant plant was homozygous for the marker allele originating from the 
resistant parent PI 468916, S designates the plant was homozygous for the allele from the susceptible parent LD00-2817P, and H designates that 
the plant was heterozygous. 
c The arrows point the direction that cqSCN-007 is located based on progeny tests. 
d Numerical identification of the point of recombination near cqSCN-007. 
e SCN bioassay progeny test results for the selected recombinant plants. The progeny were found to be either segregating (S) or fixed (F) at the 
cqSCN-007 based on the F-test results shown on Table 4.6. 
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Table 4.6 Genetic marker and soybean cyst nematode (SCN) bioassay results for progeny of selected recombinant plants used to fine 
map cqSCN-007 
Selected plant Recombination 
Site b 
Number of 
tested plants c 
Marker used in the F test Female index a P value d R2 e 
R H S 
07Hill-986-38-1G4 1 40 Gm18_57454977_G_A 58 61 57 0.774 0.02 
07Hill-986-38-N2-A6 2 39 Gm18_57838191_G_T 42 48 43 0.708 0.02 
07Hill-986-38-N4-B8 2 40 Gm18_57454977_G_A 42 52 63 0.014 0.21 
07Hill-986-38-1H1 3 40 Gm18_57454977_G_A 38 47 59 0.009 0.28 
a Mean female index of the plants which were predicted to be homozygous resistant (R), heterozygous (H) or homozygous susceptible (S) for 
alleles at cqSCN-007 based on the genotyping results using the linked markers Gm18_57454977_G_A or Gm18_57838191_G_T.   
b Recombination site as shown in Table 4.5. 
c Number of progeny of selected recombinant plants tested in the SCN bioassay. 
d Significance level of the single factor association test. 
e R2 value of the marker association. 
 
 
 
 
 
 
Table 4.7 Potential candidate genes in the identified region of cqSCN-007   
Gene name Gene domain A. thaliana homolog Protein family Protein general function 
Glyma18g244500 Lecithin-cholesterol acyltransferase AT3G03310.1 PF02450 Lipid metabolic process 
Glyma18g244600 Apetala 2 transcription factor AT5G17430.1 PF00847 Transcription regulation 
Glyma18g244700 Calcineurin-like phosphoesterase AT3G03305.1 PF00149 Hydrolase activity 
Glyma18g244800 Chromatin assembly factor 1 subunit A AT1G65470.1 PF12253 Chromatin assembly 
Glyma18g244900 p-Nitrophenyl phosphatase AT5G36700.1 PF13242 Metabolism activity 
Glyma18g245000 Rad21 / Rec8 - like protein AT5G16270.1 PF04824 Mediate sister chromatid cohesion 
Glyma18g245200 LETM1 - like protein AT1G65540.1 PF07766 Transmembrane protein, K+/H+ antiporter 
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Chapter 5 
Fine Mapping of the Asian Soybean Rust Resistance Gene Rpp2 from Soybean PI 230970 
Introduction 
Asian soybean rust (ASR), caused by Phakopsora pachyrhizi, has expanded its range 
leading to worldwide damage to soybean [Glycine max (L.) Merr.]. The first report of ASR was 
from Japan in 1903 and the disease has spread to Africa, South America and North America 
during the past two decades (Levy 2005, Schneider et al. 2005, Yorinori et al. 2005). Yield 
losses up to 75% due to ASR have been reported in South America (Yorinori et al. 2005). 
P. pachyrhizi has a wide host range, which includes more than 42 genera of legume plants (Ono 
et al. 1992, Slaminko et al. 2008). The ASR symptoms start as small brown or brick-red spots on 
leaves, which are usually found in the lower canopy at flowering (Rupe and Sconyers 2008). 
Urediniospores are then produced from the volcano shaped uredinia which develop in 
lesions on the abaxial surface of the leaf (Marchetti et al. 1975). The accumulation of lesions 
leads to leaf yellowing and eventually plant defoliation, which significantly reduces 
photosynthetic activity and hastens plant maturity. In addition, rust development during pod 
formation or seed filling can cause embryo abortion and pod abscission (Yorinori et al. 2005). 
Windborne urediniospores can be rapidly and easily dispersed to neighboring plants. The optimal 
environment conditions for ASR include temperatures between 15 to 28 °C and high humidity 
(Marchetti et al. 1976). Tropical and subtropical regions are the main soybean production areas 
suffering from ASR as the fungus does not overwinter in temperate environments (Jurick et al. 
2008).   
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Fungicides, which can reduce ASR losses, are expensive and often need to be applied 
multiple times during the growing season. The best control strategy is the incorporation of 
genetic resistance into soybean cultivars. The natural response of soybean to P. pachyrhizi 
infection includes tan sporulating lesions, red-brown (RB) lesions or no visible lesions. 
Susceptible genotypes are characterized by tan lesions due to the production of numerous 
urediniospores within the uredia. Red-brown lesions which usually show restricted fungal growth 
and occasionally with limited sporulation are conferred by a hypersensitive reaction. The 
absence of lesions occurs only when the soybean plant is immune to P. pachyrhizi. Six loci with 
major dominant genes that confer the resistance against ASR have been described: Rpp1 from 
plant introduction (PI) 200492, Rpp2 from PI 230970, Rpp3 from PI 462312, Rpp4 from PI 
459025, Rpp5 from multiple PIs and Rpp6 from PI 567102B (Bromfield and Hartwig 1980, 
Garcia et al. 2008, Hartwig and Bromfield 1983, Hartwig 1986, Li et al. 2012). All of the 
resistance genes condition RB type resistance responses except for Rpp1, which confers an 
immune response to certain isolates of P. pachyrhizi (Miles et al. 2006). A field evaluation of 
germplasm in the USA showed that Rpp1 provided the greatest overall resistance and that 
resistance reactions varied from environment to environment (Walker et al. 2011). There are 
examples of isolates of P. pachyrhizi overcoming resistance genes; for example both Rpp1 and 
Rpp3 were reported ineffective at conferring resistance in Brazil, leaving only Rpp2, Rpp4 and 
Rpp5 resistant in some regions of that country (Alves Pereira Morales et al. 2012). Due to the 
instability of relying on single gene resistance to ASR, pyramiding Rpp genes and identifying 
novel resistance sources are critical to creating cultivars with durable resistance.  
All six Rpp loci have been genetically mapped: Rpp1, Rpp4 and Rpp6 were mapped to 
three different regions of chromosome 18 (Hyten et al. 2007, Li et al. 2012, Silva et al. 2008), 
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Rpp2 on chromosome 16 (Silva et al. 2008), Rpp3 on chromosome 6 (Hyten et al. 2009), and 
Rpp5 on chromosome 3 (Garcia et al. 2008). In addition, Rpp?(Hyuuga) was mapped to the same 
interval as Rpp3 (Monteros et al. 2007). A new allele of Rpp1, designated Rpp1-b was mapped in 
PI 594583A and is likely present in PI 587880A, PI 587886, and PI 561356 (Chakraborty et al. 
2009, Kim et al. 2012, Ray et al. 2009). The recessive allele rpp2[?] was also mapped from PI 
224270 at the same region as Rpp2 (Garcia et al. 2008). At Rpp5, three different alleles have 
been reported including a dominant allele from PI 200526 and PI 200487, an incompletely 
dominant allele from PI 471904, and a recessive allele from PI 200456 (Garcia et al., 2008).  
Rpp2 from PI 230970 was identified as a dominant gene by lesion type analysis (Hartwig and 
Bromfield 1983, Silva et al. 2008). The gene was localized to a 12.9-cM interval between the 
SSR markers Sat_255 and Satt620 on chromosome 16 using a population of 130 F2:3 derived 
lines developed from a cross between ‘BRS 184’ and PI 230970 (Silva et al. 2008). It was later 
confirmed to map to the same region in a population consisting of 140 F2 plants derived from a 
cross between ‘An76’, which carries Rpp2 and Rpp4, and ‘Kinoshita’, carrying Rpp5 (Lemos et 
al. 2011). In that study, rust resistance was mapped as QTL because quantitative ratings were 
taken for lesion color, frequency of lesions having uredinia, number of uredinia per lesion, 
frequency of open uredinia, and sporulation level. QTL for these traits were mapped to the 3.3 
cM interval between Satt380 and Satt620 and they explained 12.3% to 29.9% of the variance 
except for lesion color. The genetic effect of the Rpp2 QTL detected in this study was greater 
than either Rpp4 or Rpp5. They further found in their quantitative analysis that resistance was 
recessive from their source of Rpp2.  
Van de Mortel et al. (2007) compared the global gene expression profiles of plants with 
Rpp2 resistance from PI 230970 to susceptible plants to assess the ASR pathogen defense gene 
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interaction over a time course. With this information, 140 potential genes were selected to 
construct virus-induced gene silencing vectors and 11 genes were identified as required for Rpp2 
mediated resistance against ASR (Pandey et al. 2011). The genes include four defense signaling 
and regulation genes, five predicted transcription factors, an O-methyltransferase, and a 
cytochrome P450 monooxygenase. Nevertheless, none of the 11 genes are located in the 
confirmed region of the Rpp2 locus on chromosome 16. From the sequence information of the 
Rpp4 region in susceptible cultivar Williams 82, three coiled coil (CC)-nucleotide binding site 
(NBS)-leucine rich repeat (LRR) candidate resistance genes were identified (Meyer et al. 2009). 
Virus-induced gene silencing experiments confirmed the cluster of genes that are potentially 
responsible for resistance. The reverse transcription PCR products of highly expressed genes 
from the resistant genotype were sequenced and a single candidate gene for Rpp4 was identified.   
The objective of this project was to fine map Rpp2 to identify markers closely linked to 
the gene that could be used in marker-assisted selection and to identify candidates of the gene. 
Our fine mapping efforts were aided by the identification of abundant BARCSOYSSR markers, 
which are locus specific SSR markers with a high likelihood of polymorphism. These markers 
were developed in silico from the soybean whole genome sequence (Song et al. 2010).  
Materials and Methods 
Plant Material  
The fine mapping was conducted with a population developed from a cross between the 
experimental line LG01-5087-9 and PI 230970. LG01-5087-9 is an ASR susceptible 
experimental line with good agronomic potential and PI 230970 is the source of the Rpp2 
resistance gene. The cross between the two lines was made by Dr. James Smith, USDA-ARS, 
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Stoneville, MS. Dr. Smith grew five F1 plants, numbered 07086-1 to 07086-5, and provided F2 
seed for use in this project.  F2 plants were then screened to identify plants with recombination in 
the Rpp2 interval and selected recombinant plants were grown to maturity. In addition, F2 plants 
that were heterozygous across the entire Rpp2 interval were grown to maturity to produce F3 
seed that were screened to identify additional recombinants. 
In the first round of screening to identify recombinants, 364 F2 plants and 176 F3 plants 
were grown and tested with markers that flank or are within the Rpp2 interval. These plants were 
grown in 36 × 50.5 × 10 cm flats filled with sand and plants with recombination in the interval 
were identified, transplanted into 21.6 cm diameter pots and grown to maturity in greenhouse. 
Based on results from the first round of testing, a second set of screening to identify 
recombinants was done using more F3 plants. In the second round, a total of 1,020 F3 plants were 
grown in sand flats and screened with the SSR markers which flanked the narrowed candidate 
region of Rpp2. Like the first round, selected plants from the second round were transplanted and 
grown to maturity.  
DNA Extraction and Genetic Marker Analysis 
In the screening of plants to identify those with recombination in the Rpp2 interval, 
genomic DNA from plants was extracted from expanding leaves using a quick extraction method 
described by Bell-Johnson et al. (1998). DNA from selected recombinant plants was then 
isolated using new samples of young trifoliate tissue using the CTAB method described by Kim 
et al. (2012). All CTAB DNA was quantified using a NanoDrop® ND1000 Spectrophotometer 
(NanoDrop Technologies, Inc., Wilmington, DE), diluted to 25 ng/uL, and then tested with SSR 
markers that mapped in the Rpp2 interval.  
 118 
 
SNP detection was done using melting curve analyses with a LightCycler 480 (Roche 
Diagnostics, Germany) according to procedures described by Kaczorowski et al. (2008). The 
primers and simple probes were designed using the LightCycler Probe Design Software 2.0 
(Roche Diagnostics, Germany) (Table 5.1). The primer information for the SSR markers was 
obtained from Song et al. (2010), polymerase chain reaction (PCR) for the SSR markers was 
conducted according to Cregan and Quigley (1997), and the gel electrophoresis was performed 
as described in the protocol of Wang et al. (2003). Polymorphic markers were selected for 
further analysis based on the results of an initial screening of the parent lines.     
Asian Soybean Rust Greenhouse Bioassay 
Seeds of F3 progeny from selected F2 plants and F4 progeny from selected F3 plants were 
sent to the University of Georgia’s Griffin Campus for ASR greenhouse bioassays. Three 
bioassays designated as ASR test 1, 2, and 3 (Table 5.2) were planted on 3 Oct 2011, 12 Jan 
2012, and 24 Sept 2013, respectively. The selected lines as well as the number of plants tested 
per line in each of the three tests are shown in Table 5.2.   
Seeds were planted in 15-pot greenhouse planting trays (54 cm × 32 cm; 10 × 10 cm 
pots). Pots were filled with a Fafard® 3B blend potting mix (Sun Gro Horticulture, Agawam, MA) 
and 12 of the 15 pots were planted. The middle three pots were not planted to allow for increased 
light penetration. Two seeds per pot were planted and depending on the number of seeds for each 
F3 or F4 line, two to four trays were used per line. Plants in each line were grown in a separate 
block along with four plants each of LG01-5087-9 and PI230970. The lines and parents were 
randomized in each block. The plants were fertilized weekly using a Dosamatic A30 injector 
(Hydro Systems Co., Cincinnati, OH) set to deliver 200 ppm N from a 20-20-20 stock of water-
soluble Scotts Peters fertilizer (Scotts-Sierra Horticultural Products Co., Marysville, OH). Metal 
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halide lamps were used for supplemental lighting purposes and the plants were grown at an 
average temperature of 24ºC. Seedlings were inoculated 12-14 d after planting when most of the 
seedlings were at the V2 stage of development (Fehr et al., 1977). The spores used for inoculum 
in all three assays came from greenhouse grown soybean plants inoculated with ASR spores. The 
isolate used was originally collected from field-grown soybean plants as well as kudzu plants 
collected in Georgia during the summer of 2008. Inoculum was prepared by placing soybean 
leaves with sporulating pustules in 200 ml of a 0.01% solution of Tween 20 (Sigma-Aldrich, St. 
Louis, MO) in a 1-L volumetric flask. The flask was sealed with parafilm and agitated by hand to 
dislodge the urediniospores. The urediniospore suspension was filtered through cheesecloth to 
remove debris and diluted to a concentration of 5 × 104 urediniospores ml-1. Plants were 
inoculated with the urediniospore suspension to leaf wetness using an atomizer and then 
incubated for 24 h in a mist chamber with close to 100% relative humidity. The trays of plants 
were then removed from the mist chambers and inoculated a second time with freshly collected 
urediniospores to ensure infection uniformity, and returned to the mist chambers for another 24 h. 
The tests were rated approximately 14 d after removal from the mist chamber and ASR test 1 
was rated on 3 Nov 2011, test 2 on 17 Feb 2012, and test 3 on 22 Oct 2013. Plants were scored 
for lesion type (RB or Tan). 
Statistical Analysis 
The association between the expected segregation ratio and the progeny phenotype 
results from the ASR bioassay was analyzed by chi-square test with R 2.15.1.  
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Results 
The first round of recombinant screening was initiated by testing 364 F2 and 176 F3 
plants with the SNP markers 27843796 and 30033728 (Tables 5.1 & 5.3), which flank the 
interval where Rpp2 maps. These plants were also tested with the SNP marker 28971827 and the 
SSR markers Satt215 (Tables 5.1 & 5.3).  From this screening, 38 F2 and 25 F3 recombinant 
plants were selected. These recombinant plants were grown to maturity and tested with 14 
additional SSR markers to map the position of recombination in each plant. 
The F3 progeny from the selected F2 plants and the F4 progeny from selected F3 plants 
from the first round were tested for resistance to P. pachyrhizi in Test 1 and Test 2 (Table 5.2). 
The upper position of Rpp2, as depicted on Table 5.3, from this first round was determined by 
07086-1-158. This F2 plant was homozygous susceptible at BARCSOYSSR_16_0886 and 
markers above it and segregating for markers below it. Because the F3 plants derived from this 
line were segregating 3:1 RB to tan (Table 5.2), this showed that Rpp2 must be below the marker. 
The lower position from the round 1 testing was shown by 07086-1-39 which also was 
segregating 3:1 for ASR resistance in the progeny assay (Table 5.2). This line was fixed 
homozygous susceptible at BARCSOYSSR_16_0916 and for markers below it, but segregating 
for markers above it, showing that Rpp2 is above this marker (Table 5.3). This first round 
resulted in the mapping of Rpp2 to a 603.6 kb interval. 
In the second stage of fine mapping, F3 progeny from the F2 plants 07086-4-4 and 07086-
1-9 were screened to identify more recombinants in the 603.6 kb interval identified as containing 
Rpp2. These F2 plants were selected because they were heterozygous for all the tested markers in 
the interval. A total of 1020 F3 seeds were grown and tested with the SSR markers Satt215 and 
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BARCSOYSSR_16_0918, which flank the narrowed Rpp2 interval. Fifteen F3 plants with 
recombination between these markers were identified and the positions of each recombination 
were mapped to four different locations through the addition of eight more markers across this 
region (Table 5.3). F4 progeny from F3 plants with a recombination in each of the four locations 
were then evaluated in an ASR bioassay. The test results showed that the ratio of resistant and 
susceptible plants for the progeny of 07086-4-4-2 and 07086-4-4-3 were not significantly 
different from 3:1 (Table 5.2), indicating that Rpp2 is within the segregating region in each of the 
two F3:4 populations, putting the gene between BARCSOYSSR_16_0892 and 
BARCSOYSSR_16_0912 (Table 5.3). Results from the testing of the F4 progeny from the F3 
plants 07086-1-9-1, 07086-4-4-1 and 07086-4-4-4 showed no segregation of resistance, 
indicating that Rpp2 is localized between BARCSOYSSR_16_0902 and 
BARCSOYSSR_16_0908 (Table 5.3).  
Because the physical position for the markers we used in the fine mapping was based on 
the Williams soybean genome version Glyma.Wm82.a2, we used the compatible gene annotation 
browser (http://soybase.org/gb2/gbrowse/gmax2.0/), and found 12 high confidence candidate 
genes with predicted function in the fine mapped Rpp2 region. One gene was homologous to a 
DNA helicase PIF1 gene which functions in DNA strand separation and repair, and a second is 
predicted to encode the calcium-activated chloride channel protein (Table 5.4). The other ten are 
predicted to be nucleotide-binding site (NBS)-leucine-rich repeat (LRR) genes, which are the 
most common plant resistance (R) genes in flowering plants (Table 5.4). 
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Discussion 
The ASR resistance gene Rpp2 from PI 230970 was fine mapped to a 188.1 kb region in 
our study based on recombination events in 14 genetic intervals identified in either F2 or F3 
plants. Our results are consistent with the original mapping of Rpp2 to a 12.9 cM interval by 
Silva et al. (2008), as we mapped the locus to a small region within this interval. The mapping 
effort was greatly assisted by the availability of the soybean genome sequence and predicted 
candidate BARCSOYSSR markers (Schmutz et al. 2010, Song et al. 2010). The BARCSOYSSR 
markers close to Rpp2 were used to precisely map the locations of the recombination events 
identified in this research which were required for fine mapping. The markers and the 
corresponding positions cited in our mapping study were updated to the recently released new 
assembly of the soybean genome (Glyma.Wm82.a2). 
Previous work showed that the resistance gene from PI 230970 at the Rpp2 locus was 
dominant    (Hartwig and Bromfield 1983, Silva et al. 2008). However, when using the same 
resistance source to create a mapping population, Garcia et al. (2008) observed a segregation 
ratio that did not fit the expected 3:1, which may have been the result of different isolates of P. 
pachyrhizi used in the studies. Garcia et al. (2008) also identified a recessive allele from PI 
224270 that shared the same genetic region as Rpp2, which was named rpp2[?]. Supporting the 
findings by Garcia et al. (2008), Lemos et al. (2011) found resistance at Rpp2 from PI 230970 to 
be recessive by the observation of the dominance and additive effect ratio from the quantitative 
rust resistance traits analysis, and they stated that this allele was rpp2[?]. Alterations of the 
inheritance models for rust resistance genes due to different rust isolates and host genetic 
background were reported by Kolmer (1996), Garcia et al. (2008), and Lemos et al. (2011). 
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However, our ASR bioassay test results confirmed that the Rpp2 gene from PI 230970 was 
dominant for our isolate since the segregation pattern of all progeny from selfed heterozygous 
individuals did not significantly deviate from 3 resistant to 1 susceptible when the gene was 
segregating (Table 5.2).  
The ten NBS-LRR genes identified in the Rpp2 region belong to the TIR-NBS-LRR 
family. The NBS-LRR gene family is classified into two sub families by the presence of 
toll/interleukin-1 receptor (TIR) or coiled-coil (CC) motifs in the amino-terminal 
domain(McHale et al. 2006). It is not surprising that all ten are TIR-NBS-LRR genes as they are 
more abundant than the CC-NBS-LRR across the soybean genome (Kang et al. 2012). 
Interestingly, no other clusters of NBS-LRR genes were identified in 1 Mb windows both 
upstream and downstream of the 188.1 kb region that Rpp2 was fine mapped in our study. The 
distribution of NBS-LRR genes in the plant genome is generally in the form of tandem and 
ectopic gene duplications and intraspecific copy differences are commonly found (McHale et al. 
2006). Of the predicted NBS-LRR genes in the Rpp2 region, Glyma.16g135200, 
Glyma.16g135500, Glyma.16g135900, Glyma.16g136000, Glyma.16g136200, 
Glyma.16g136600, Glyma.16g137200 and Glyma.16g137300 are highly homologous with the 
Arabidopsis gene AT5G17680.1, which encodes the TIR-NBS-LRR disease resistance protein 
(Table 5.4). These genes all share the core sequence information as tandem repeats. Although the 
number of corresponding genes which have homology to this Arabidopsis gene in the ASR 
resistant source PI 230970 may not be the same as in Williams 82, the role of these gene repeats 
in the soybean-pathogen interaction may be important in future research. Moreover, the 
remaining predicted genes in the interval, Glyma.16g136900 and Glyma.16g137000 both have 
homology with Arabidopsis gene AT5G36930.1 (Table 5.4). This gene also encode a TIR-NBS-
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LRR disease resistance protein like AT5G17680.1, but shows differences in expression level, 
number of GT-AG introns, and alternative splicing products in Arabidopsis (Thierry-Mieg and 
Thierry-Mieg 2006). Resequencing this region from the resistant source will be necessary to 
identify the core repeated sequence and corresponding copy number in this genotype. 
Recombination and homogenization could bring fitness advantage in plant evolution, and 
it played major roles in the clustering of the NBS-LRR gene across the genome (Leister 2004). It 
is possible that these duplicated individual genes come from unlinked loci in the evolution 
history, but we do not have such evidence in this study. We also failed to identify recombination 
events within the interval containing these ten TIR-NBS-LRR genes. It is possible that all of the 
genes might play roles in the Rpp2-mediated resistance.     
 In the general disease resistance model, the NBS-LRR proteins mostly acted as receptors 
that bind effector molecules secreted by pathogens, although there were rare direct interactions 
(McHale et al. 2006). For the ASR resistance locus Rpp4, a candidate gene was identified and it 
belongs to the CC-NBS-LRR family of disease resistant genes, and this gene was predicted to 
localize in cytoplasm, where the ASR effector recognition might occur (Meyer et al. 2009). The 
microscopic analyses of ASR infection have reported that both susceptible and Rpp2 resistant 
soybean cultivars showed a similar pathogen response in the early stage, but the specific defense 
reaction, in which hypersensitive cells collapsed in order to interrupt rust colony growth, 
occurred in Rpp2 resistant plants only in the second stage (Hoppe and Koch 1989). In a time 
course microarray study of Rpp2 conferred ASR resistance, the soybean mRNA profiles also 
showed the similar biphasic response for resistant and susceptible genotypes (van de Mortel et al. 
2007). As the Rpp4 mediated resistance was also observed to have a biphasic response, the 
function of the Rpp4 gene product was suggested to detect the ASR effector in the haustoria 
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developing stage (Meyer et al. 2009). One or more of the multiple TIR-NBS-LRR candidate 
genes in our fine mapped Rpp2 interval might play a similar detector role like Rpp4 in the 
biphasic ASR resistance development, when the fungus proceeds to widely colonize and form 
haustoria. 
 Global gene functional analysis by Pandey et al. (2011) identified GmEDS1 (enhanced 
disease susceptibility 1) and GmPAD4 (phytoalexin-deficient 4) as the top two essential genes in 
Rpp2 mediated defense signaling. Upon pathogen recognition in Arabidopsis, the EDS1 and 
PAD4 are recruited by TIR-NBS-LRR proteins, activating salicylic acid (SA) signaling and also 
mediating antagonism between the jasmonic acid (JA) and ethylene (ET) defense response 
pathways, to transduce redox signals (Wiermer et al. 2005). The identified TIR-NBS-LRR genes 
in our fine mapped Rpp2 region are consistent with this resistance model. This evidence further 
supported the significance of the predicted genes in ASR Rpp2 resistance. 
   In conclusion, we have fine mapped the ASR Rpp2 locus to a 188.1 kb interval, which 
contains putative R genes based upon the reference genomic sequence from the cultivar Williams 
82. This study provides a step towards the cloning of Rpp2, which will further contribute to our 
understanding of ASR defense reactions. Moreover, the narrowed region will greatly facilitate 
MAS of Rpp2 through the identification of markers closely linked to this gene, which will aid in 
the introduction of stable ASR resistance into soybean breeding programs worldwide.   
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Tables 
Table 5.1 Sequence of primers and probes for the SimpleProbe assays used for SNP detection 
Marker Positiona Type 5’-3’ sequenceb 
27843796 Forward CTATTTTGATGGTGTCATGTCATATGTCC 
 Reverse TTTGTCACAGACCAAGGTATCATGACT 
 Probe Fluorescein-SPC-GTTCTGTTTGCCTATAATTCCTCGGCCATAGAGAA-Phosphate 
28971827 Forward AAAGGGAATATAACAGGCTTTTCCGAAC 
 Reverse AGTAGCTTCAACGTACTTGATACATTGC 
 Probe Fluorescein-SPC-CTCTCGTGTTAAGTTGCCATAAAGGTTACTCTCAT-Phosphate 
30033728 Forward CTGATTGAGGGAGAACGTCAAAGG 
 Reverse ACTTGACACAACAATTGGGTGCT 
 Probe Fluorescein-SPC-ATCATCCATGACAAGATGATTGTCGTCATCCTAGA-Phosphate 
a Position of the SNP based on the Glyma.Wm82.a2 assembly.  
b The positions of the SNP in probes are underlined and in bold. 
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Table 5.2 Asian soybean rust (ASR) progeny segregation test results 
 
Selected plant 
Recombination 
siteb 
ASR 
testc No. of progeny tested 
ASR Phenotypea 3:1 ratio 
chi-Square test 
p-value 
Segregation 
patternd 
RB (R) Tan (S) 
07086-1-100 1 1 50 0 50 <0.0001 F 
07086-4-76 2 1 59 0 59 <0.0001 F 
07086-4-1-16 3 1 59 0 59 <0.0001 F 
07086-4-39 3 1 58 47 11 0.2885 S 
07086-5-20 3 1 54 39 15 0.6374 S 
07086-1-36 4 1 58 0 58 <0.0001 F 
07086-1-158 5 1 47 35 12 0.9329 S 
07086-4-4-2 6 3 62 45 17 0.6600 S 
07086-1-9-1 7 3 60 60 0 <0.0001 F 
07086-4-4-1 8 3 57 0 57 <0.0001 F 
07086-4-4-4 9 3 77 77 0 <0.0001 F 
07086-4-4-3 10 3 63 45 18 0.5127 S 
07086-1-39 11 2 59 43 16 0.7070 S 
07086-4-4-5 12 2 38 31 7 0.3490 S 
07086-1-9 13 2 48 36 12 1.0000 S 
07086-4-4 14 2 41 31 10 0.9282 S 
07086-2-7-6 15 2 48 33 15 0.3173 S 
a The phenotype presented in the ASR bioassay test, RB denotes red-brown lesions due to a 
hypersensitive reaction in resistant genotypes and Tan refers to the tan color lesions in susceptible 
genotypes.  
b Numerical identification of the point of recombination near Rpp2. 
c The ASR bioassay test conducted to identify the progeny segregation status.  
d The segregation pattern for ASR resistance identified in the progeny test is either fixed (F) or 
segregating (S).  
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Table 5.3 Genetic markers, positions and genotypes of selected recombinant plants that were 
progeny tested for segregation of resistance to Asian soybean rust (ASR). Highlighted in bold is 
the interval where Rpp2 is located. 
Marker 
Position on 
Chr.16 
(bp) a 
Selected Plants 
07
08
6-
1-
10
0 
07
08
6-
4-
76
 
07
08
6-
4-
1-
16
 
07
08
6-
4-
39
 
07
08
6-
5-
20
 
07
08
6-
1-
36
 
07
08
6-
1-
15
8 
07
08
6-
4-
4-
2 
07
08
6-
1-
9-
1 
07
08
6-
4-
4-
1 
07
08
6-
4-
4-
4 
07
08
6-
4-
4-
3 
07
08
6-
1-
39
 
07
08
6-
4-
4-
5 
07
08
6-
1-
9 
07
08
6-
4-
4 
07
08
6-
2-
7-
6 
                  
SNP 27,843,796 Hb H H S S H S      H H H H H 
BARCSOYSSR_16_0870 28,559,324 H H H S S H S      H H H H H 
  c                 
BARCSOYSSR_16_0871 28,572,961 S H H S S H S      H H H H H 
BARCSOYSSR_16_0872 28,577,092 S H H S S H S      H H H H H 
                   
BARCSOYSSR_16_0873 28,637,534 S S H S S H S      H H H H H 
BARCSOYSSR_16_0874 28,679,099 S S H S S H S      H H H H H 
BARCSOYSSR_16_0875 28,723,921 S S H S S H S      H H H H H 
                   
BARCSOYSSR_16_0880 28,827,603 S S S H H H S      H H H H H 
BARCSOYSSR_16_0882 28,866,222 S S S H H H S      H H H H H 
Satt215 28,944,579 S S S H H H S S H H R H H H H H H 
                   
SNP 28,971,827 S S S H H S S      H H H H H 
BARCSOYSSR_16_0886 28,974,573 S S S H H S S      H H H H H 
                   
BARCSOYSSR_16_0890 29,039,246        S H H R H      
BARCSOYSSR_16_0892 29,073,307        S H H R H      
                   
BARCSOYSSR_16_0893 29,074,761        H H H R H      
BARCSOYSSR_16_0895 29,129,752        H H H R H      
BARCSOYSSR_16_0898 29,175,618        H H H R H      
                   
BARCSOYSSR_16_0902 29,253,155        H R H R H      
                   
BARCSOYSSR_16_0908 29,441,233 S S S H H S H H R S H H H H H H H 
                   
BARCSOYSSR_16_0912 29,567,022        H R S H S      
                   
BARCSOYSSR_16_0916 29,578,181 S S S H H S H      S H H H H 
BARCSOYSSR_16_0918 - d        H R S H S      
                   
BARCSOYSSR_16_0932 29,878,007 S S S H H S H      S S H H H 
                   
BARCSOYSSR_16_0933 29,889,241 S S S H H S H      S S S H H 
                   
BARCSOYSSR_16_0934 29,929,256 S S S H H S H      S S S S H 
                   
SNP 30,033,728 S S S H H S H      S S S S S 
Recombination sitee  1 2 3 3 3 4 5 6 7 8 9 10 11 12 13 14 15 Progeny segregationf  F F F F F F S S F F F S S S S S S 
a The BARCSOYSSR markers and corresponding chromosome positions on the Glyma.Wm82.a2 
assembly are from soybase.org.  
b Based on the genotyping results, R designates that the selected recombinant plant is homozygous for the 
marker allele originating from the resistant parent PI 230970, S designates the plant is homozygous for 
the susceptible allele from LG01-5087-9, and H designated that the plant was heterozygous. 
c The arrows pointed the direction that Rpp2 is located based on progeny tests. 
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Table 5.3 (Continued) 
d The marker does not present in the Glyma.Wm82.a2 assembly. However, it locates at 29,273,453 bp on 
Chromosome 16 on the Glyma.Wm82.a1 assembly.  
e Numerical identification of the point of recombination occurred near Rpp2. 
f ASR bioassay progeny test results for the selected recombinant plants. The progeny were either in 
segregation (S) or fixed (F) at the Rpp2 based on the expected segregation ratio statistical test results 
shown on Table 5.2.  
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Table 5.4 Potential candidate genes in the identified region of Rpp2  
Gene name Gene domain A. thaliana homolog Protein Family Protein function 
Glyma.16g135200 TIR-NBS-LRR AT5G17680.1 PF01582, PF00931 Defense response, 
Signal transduction 
Glyma.16g135500 TIR-NBS-LRR AT5G17680.1 PF01582, PF00931 Defense response, 
Signal transduction 
Glyma.16g135900 TIR-NBS-LRR AT5G17680.1 PF01582, PF00931 Defense response, 
Signal transduction 
Glyma.16g136000 TIR-NBS-LRR AT5G17680.1 PF01582, PF00931, 
PF00560 
Defense response, 
Signal transduction 
Glyma.16g136200 TIR-NBS-LRR AT5G17680.1 PF01582, PF00931 Defense response, 
Signal transduction 
Glyma.16g136400 NGEP-Related AT1G73020.1 PF04547 Calcium-activated 
chloride channel 
Glyma.16g136600 TIR-NBS-LRR AT5G17680.1 PF01582, PF00931, 
PF00560 
Defense response, 
Signal transduction 
Glyma.16g136700 
 
DNA Helicase PIF1-like AT3G51690.1 PF05970 DNA helicase, 
repair 
Glyma.16g136900 
 
TIR-NBS-LRR AT5G36930.1 PF01582, PF00931 Defense response, 
Signal transduction 
Glyma.16g137000 TIR-NBS-LRR AT5G36930.1 PF00560 Defense response, 
Signal transduction 
Glyma.16g137200 TIR-NBS-LRR AT5G17680.1 PF01582, PF00931 Defense response, 
Signal transduction 
Glyma.16g137300 TIR-NBS-LRR AT5G17680.1 PF01582, PF00931 Defense response, 
Signal transduction 
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